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Abstract
Monitoring of respiration is crucial in the diagnosis and treatment of conditions
such as chronic obstructive pulmonary disease and sleep related conditions. This
thesis presents a comprehensive analysis of the acquired respiration signals from
microwave Doppler radar. As non-contact sensing techniques of respiration is de-
sired particularly for longer terms non clinical environments, it is crucial to consider
diﬀerent factors that can potentially aﬀect the accuracy of the sensing mechanism;
i.e. motion artefacts and presence of multiple subjects. The detailed analysis of the
respiratory function and patterns will provide the physicians with greater insights,
particularly in reﬁning the diagnostic procedures pertaining to respiratory disorders
where this is destined to open up new clinical practises in respiratory physiology.
This study covers three main aspects: evaluation of Doppler radar in the detec-
tion and analysis of humans respiratory function; respiration sensing under the in-
ﬂuence of motion artefacts; possibility of detecting and separating multiple subject
respiration with diﬀerent breathing states as well as identifying the types of motion
artefacts involved. A comprehensive evaluation and analysis with appropriate sig-
nal processing techniques have been developed to mitigate these are presented. The
work include feasibility evaluation of Doppler radar in capturing diﬀerent dynamics
of respiration patterns, tidal volume deduction with the proposed signal processing
techniques, decomposition and modelling of respiration components, the use of dis-
crete wavelet transform in reconstructing the desired breathing patterns as well as
in isolating the artefact signatures from the contaminated Doppler radar respiratory
signals and integration of source separation signal techniques in processing respi-
ration signal from multiple subjects. To further suppress the artefacts signal from
the Doppler radar measurements, a combination of empirical mode decomposition
with source separation technique and approximate entropy ideas are introduced.
viii
Nomenclature
Chapter 1
CW Continuous Wave
T (t) Transmitted sine wave signal
R(t) Received Signal
ω0 Angular frequency of the wave
φ0 Arbitrary phase shift
c Velocity of the propagating wave
r0 Distance from the radar
Δφ(t) Residual phase noise
r˙ Rate of change of r
λ Wavelength of the transmitted signal
Φr(t) Phase modulated Signal
θ Constant phase shift dependent on the nominal distance to the target
B(t) Baseband Output Signal
fd Doppler Shift
IB(t) In-phase radar signal
QB(t)) Quadrature phase radar signal
x(t) Time varying displacement cause by the movement of the target
Chapter 2
Rx(t) Ideal received radar signal
R
′
x(t) Received signal at the mixer
φ Phase imbalance
Ae Amplitude imbalance
I
′
Demodulation of the received in-phase signal
Q
′
Demodulation of the received quadrature phase signal
ix
xChapter 3
Rd(t) Arctangent demodulated radar signal
CWT Continuous Wavelet Transform
FFT Fast Fourier transform
Ψ(ω) Fourier transform of the mother wavelet
ψ(t) Mother wavelet
X
′
Normalized data
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BSS Blind Source Separation
DWT Discrete Wavelet Transform
rm(t) Interference resulting from the random body movements
ApEn Approximate Entropy
EMD Empirical Mode Decomposition
FIR Finite Impulse Response
ICA Independent Component analysis
IMF Intrinsic Mode Function
LPF Low Pass Filter
Ni DC oﬀsets in in-phase radar signal
NQ DC oﬀsets in quadrature phase radar signal
Chapter 5
A Full rank m× n mixing matrix
E[.] Expectation operator
G(.) Non-quadratic function
H(.) Diﬀerential entropy
J(y) Negentropy
s(t) A n-dimensional statistically independent source vectors
xr(t) A set of m− dimensional Observation
v Gaussian variable with zero mean and unit variance
w Weight vector
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Introduction
1.1 Background
Non-contact detection and monitoring of physiological signs such as respiration
provides an unobtrusive means of sensing that could be useful in home health care
applications and sleep studies; particularly in sleep apnoea and sudden infant death
syndrome (SIDS). Additionally, the use of the conventional physical contact sensor
such as respiration strap may perturb or worsen the conditions of patients with
dermatological conditions, burn victims or even cause discomfort for patients with
sleep disorders during the monitoring process. Thus, a non-contact respiration sens-
ing is not only able to overcome these limitations but also provides means for vital
signs detection and monitoring without any attached sensors that usually requires
additional preparations (i.e. physical sensor attachment or special clothing).
The use of radar in sensing physiological movement of human respiration was
introduced as early as in 1970s [1]. Since then, the use of microwave Doppler radar
has become one of the attractive remote sensing technique used in measuring hu-
man vital signs considering its non-contact characteristics. Started with a bulky
and expensive instrumentation that limits its use to research environments and
to home-based applications, the recent advances in fabrication, wireless technology
and integrated circuit (IC) had made the complete sensing mechanism implemented
in an integrated chip [2, 3]. With these advantages, microwave Doppler radar has
1
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become one of the emerging sensing techniques used in the measurement of human
respiration particularly in situations where the monitoring through the conventional
method is no longer suitable, for instance in burns victim and home-based long-term
monitoring. Furthermore, robustness of Doppler radar against environmental fac-
tors, such as light, ambient temperature, interference from other signals occupying
the same bandwidth, fading eﬀects, reduce environmental constraints and strength-
ens the possibility of employing Doppler radar in long-term respiration detection
and monitoring applications
In brief, the advantages of the non-contact monitoring techniques over tradi-
tional health monitoring devices are summarized as below:
• Oﬀers comfortability to the subjects particularly for infant and burns victim
where no physical contact is needed. Further, it also reduces the complexity
in signal acquisition procedure which could be beneﬁcial in critical care units.
• Suitable to be used for a long-term monitoring activities for early diagnosis
and prevention. Example of application includes sleep studies for sleep apnoea
and movement disorders (periodic limb movement disorder). This can be
achieved with only one single device potentially reducing the cost for the
health care system.
Respiration monitoring is crucial in the diagnosis and treatment of conditions
such as chronic obstructive pulmonary disease, heart disease and a number of sleep
related conditions [4]. Typically, in hospitals, recording and monitoring of vital signs
such as blood pressure, temperature, pulse rate and respiration rate are considered
as standard procedures. Monitoring abnormal respiration rates plays an important
role as a key predictors for certain critical conditions as reported in [5,6]. Further-
more, diﬀerent dysfunctional breathing [7] has also been associated with certain
psychosomatic conditions [8] which at present, purely rely on the measured respi-
ration rate alone. Nevertheless, a detailed analysis of the respiratory function and
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patterns [9–14] will provide the physicians a great insight into the condition. This
will be particularly useful in reﬁning the diagnostic medicine in respiratory disor-
ders if it can be performed in a non-contact form of sensing accurately in place of
conventional methods such as the chest strap, photoplethysmograph [15].
Thus, a non-contact sensing mechanism that accurately captures respiratory
function (respiration rates and patterns) and identify these under various breathing
conditions is destined to open up a new clinical practices in respiratory physiol-
ogy. Additionally, an appropriate analysis and processing on the acquired signals
will further improve the applicability of this technique which is one of the main
contributions in this dissertation.
1.2 Microwave Radar for Non-contact Respira-
tory Motion Measurement
In order to have a system that can detect the respiration function in a non-contact
approach, it must be able to sense the occurrence of motions due to the change in
physiological event such as the movement of the abdomen during inhalation and
exhalation activities. As mentioned before, the Doppler eﬀect occurs when there is
a shift in the frequency of the wave either reﬂected or radiated, received from an
object in motion [16].
Thus, when the continuous wave signal is directed at a target, the transmitted
signal will be reﬂected in a frequency-modulated form by the target motion due to
respiration activities. The received signals can be further processed to obtain more
insightful information related to respiratory function (i.e. respiration patterns and
rate) as well as the characteristic of a certain motions depending on the nature of
the application.
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1.2.1 Introduction to Radar
Radio Detection and Ranging (RADAR) is a system that transmits radio wave or
an electromagnetic signal and eventually senses the echo or reﬂected wave from
the object where information such as range, direction, speed and altitude of the
corresponding object can be obtained. Basically, distance of the target can be
derived from the time delay between the transmitted and received signals. Target
velocity can be evaluated from the frequency shift of the received signals and the
strength of the received signal provides information about the radar cross section
(comprises of size, geometry, and composition).
Typically, a radar system consists of few subsystems that comprises of an an-
tenna, a transmitter, a receiver, and signal processing module [17]. Function of
the transmitter is to create desired transmission power of waveform to obtain the
desired radar range where this beam will be guided by the antenna towards the
target. Reﬂected waves will be detected by the receiver where there received signal
(consist information on the Doppler shift) will be converted from the transmission
frequency to its baseband or intermediate frequency depending on the architecture
of the receiver.
The Doppler eﬀect occurs when there is a shift in the frequency of the wave,
either reﬂected or radiated, due to relative motion between the transmitter and
receiver [16]. In other words, a target that moves in a quasi-periodic movement
will reﬂect the transmitted signal with its frequency or phase modulated by the
time varying position of the target [18]. The frequency of the wave will be shifted
directly proportional to the object’s motion and will be increases when the wave
is compressed (smaller wavelength) [16]. Thus, there will not be any detection if
the targeted objects are in completely stationary due to absence of the Doppler
shift in the frequency. In contrast, the radar will be very useful in the presence
of any motions particularly in detecting the motion of abdomen of a stationary
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subject due to respiration activities; inhalation and exhalation. These movement
of the chest wall/abdomen during the respiration process can be derived using the
reﬂected Doppler shifted signal.
1.2.2 Continuous Wave Doppler radar
RADAR signal transmission can be generally classiﬁed into two categories which
are pulsed radar and continuous wave radar. In pulse radar, a short pulses of
radio frequency is transmitted where there is a delay between consecutive pulses
during the detection of the reﬂected wave and the transmission and reception can
be occur at diﬀerent time interval whereby continuous wave radar will eventually
emits a stable electromagnetic radiation continuously and senses the object by its
frequency shift or phase shift.
Additionally, the continuous wave Doppler radar is preferable due to its sim-
plicity where only a single oscillator can be used for both transmitter and receiver
with a narrow signal bandwidth for interference avoidance as well as for the ease
of ﬁltering. Thus, in an environment where the target motion (respiration move-
ment) is the goal of the measurement rather than the distance to the target, a CW
Doppler radar technology is preferred.
1.2.3 Homodyne Receivers Versus Heterodyne Receivers
A simple phase detector with an architecture that mix the received signal with a
signal having the same carrier frequency to convert the respective RF frequency
directly to its baseband [2] is known as a homodyne receiver. In a heterodyne
receiver, the received signal is mixed with a local oscillator (LO) signal at diﬀerent
frequency [19] resulting in a signal at intermediate frequency (IF). The input signal
is ampliﬁed in a tuned IF stage and ﬁltered with a ﬁxed bandpass ﬁlter, later either
demodulated directly or mixed down to baseband before demodulation [2, 19].
In a homodyne receiver also known as direct-conversion receiver, the received
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signal is mixed with a LO frequency at the same carrier frequency. It is usually
pre-process before the mixing stage where the received signal is band pass ﬁltered
to remove noise and later ampliﬁed to decrease the receiver noise. The mixed
signal of received signal at LO will converts the signal to its baseband signal [2].
Due to its simplicity and its direct use as a phase detector as well as low power
consumption, a homodyne receiver is preferable and is used in all the experiments
in this dissertation.
1.2.4 Single-Channel and Quadrature Receivers
Typically, a Doppler radar transceiver can be built either using a single channel
design of a quadrature based channel design. As mentioned in [2], to avoid the
self-image problem, communications of direct conversion receivers need to be a
quadrature based receiver. The use of quadrature receiver is mainly to overcome
the phase modulation null points problem [19]. A single channel continuous wave
homodyne transceiver is shown in ﬁgure 1.1 while ﬁgure 1.2 depicts the quadrature
continuous wave of homodyne transceiver [2].
ReceiverPowersplitterTransmitter
LO RFin
SignalOutput
RFout
SignalSource
Figure 1.1: Block diagram of single channel continuous wave transceiver
In a single channel of homodyne transceiver, the signal source is split into carrier
of the transmitter and the local oscillator. Output signal is coupled to the antenna
at the transmitter via the RFout port while the receiver demodulated the received
signal and couple with LO yielding signal output. In the quadrature transceiver,
the signal source once split into carrier to the transmitter and to the local oscillator.
The local oscillator is further split with a 90◦ phase shift between two LO outputs.
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Power
splitterTransmitter
LORFout
SignalSource
90ι
Power
Splitter
InͲPhase
receiver
Quadrature
receiver
RFin
InͲphaseSignal
QuadraturephaseSignal
Figure 1.2: Block diagram Quadrature continuous wave transceiver
The received RFin signals are converted into baseband signal, each yielding the
in-phase and quadrature outputs.
As mentioned above, using quadrature receiver, the phase modulation null points
can be avoided by either choosing the signal closer to the optimal phase demodula-
tion point through the direct phase demodulation or by combining the signals from
both of the channels. This is due to the two receiver chains with 90◦ (π/2) apart is
to ensure at least one of the outputs is not in a null point. Generally, the optimal
phase modulation point should have the greatest amplitudes after the removal of
dc oﬀset [2] or the signal closest to the optimal point should have the smallest DC
values oﬀset in the presence of the DC oﬀset.
1.2.5 Radar History in Cardiopulmonary Monitoring
The use of microwave Doppler radar in measuring cardiopulmonary function was
ﬁrst demonstrated in the late 1970’s where the measurement of respiration [1] and
the heart beats [20] were performed separately. A number of reported research
using Doppler radar in measuring human physiological [21–26] and millimetre wave
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interferometry [27] has predominantly demonstrated the feasibility of Doppler radar
in detecting human’s vital sign.
Table 1.1 further describes the research performed using Doppler radar measure-
ment on human vital sign along with the year of publication, reference, description
and outcomes.
Table 1.1: Doppler Radar Measurement on Human Vital Sign
Year Ref. Description Results
1975 [1]
Used X band sweep oscillator
with 10 GHz source and rectan-
gular horn antenna
Breathing or respiration was de-
tected on rabbit and human at
30 cm
1979 [20]
Used (2.1-2.5) GHz for apex-
cardiogram recording which is
based on detecting the changes
in the reﬂected signal due to the
movement of the chest wall
Microwave apexcardiogram of
human was recorded
2001 [28]
Used 1.892GHz to sense vital
sign of heartbeat and respiration
at distances as large as 1 meter
Novel microwave Doppler
radio using RFIC for
DCS1800/PCS1900 base station
in heartbeat and respiration
detection and feasibility of
monolithic integration in low
cost silicon technology
2005 [29]
Used 24 GHz circularly polar-
ized Doppler radar with single
antenna for heartbeat and respi-
ration detection
Able to detect heartbeat and
respiration rate at a distance of
0.5m
2006 [30]
Used Continuous Wave Doppler
radar at 440 MHz,2.4 GHz, and
24 GHz for breathing and heart-
beat detection on a non-moving
target
440 MHz and 2.4 GHz was able
to detect heartbeat and respira-
tion at 2m while 24 GHz can
only detect body movement
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2007 [31]
Used Ka band (26.5-40) GHz
Doppler radar to ﬁnd the opti-
mum carrier frequency in non-
contact vital sign detector
Detection sensitivity always in-
creased with increased carrier
frequency but there is an op-
timum carrier frequency where
harmonics and intermodulation
interference is not severe to af-
fect detection accuracy
2007 [32]
Used 5GHz Doppler radar for
heartbeat and respiration mon-
itoring
Able to detect heartbeat and
respiration at a good accuracy
with low transmission power
2009 [33]
Used 2.4 Ghz Doppler radar to
investigate heart rate variability
and respiratory sinus arrhyth-
mia
All heartbeat peaks were suc-
cessfully detected after linear de-
modulation and is more accurate
from supine position compared
to seated position
2009 [34]
Used single channel continu-
ous wave radar with quadra-
ture receiver for heartbeat detec-
tion. Two demodulation meth-
ods were proposed which are
linear (complex) and nonlinear
(arctangent)
Arctangent demodulation re-
sults in high accuracy of de-
tected heartbeat interval for
larger displacement
2009 [35]
Used tunable system at (2, 4,
5.8, 10, 16 and 60) GHz for
heartbeat detection with appro-
priate power level
Sensitivity of small displace-
ment increase proportionally
with frequency where two main
method(using chebyshev ﬁlter
and cyclic autocorrelation) to
enhanced the signal while FFT
and peak detection method was
used to detect heartbeat rate
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2010 [36]
Used 35 GHz Doppler radar and
introduced the concept of adap-
tive ﬁlter to separately measure
the heartbeat and respiration
signal
Detection of human vital sign
at the range of (0.1-2.5) m and
adaptive ﬁltering was able to
separate the signal accordingly
by automatically adjusting the
ﬁlter’s parameter
2011 [37]
Used 24 GHz continuous wave
Doppler radar to detect heart
rate by ﬁnding the periodicity of
Doppler frequencies
Proposed new method focused
on periodicity and improvement
on (10-14)% of average error rate
2011 [25]
Used 24GHz Doppler radar
for cardiopulmonary monitoring
with time frequency analysis
(Gabor Transform)
Able to obtain good data accu-
racy using the method of time
frequency analysis for normal
respiration, breath holding, and
large movement subject
2012 [38]
Used 60GHz radar ﬁlly inte-
grated in CMOS chip for small
mechanical vibration and human
heartbeat
Successfully detected human’s
heartbeat and small mechanical
vibration at 0.3 m away
2012 [39]
Used (1.5-4.5) GHz operating
frequency of Ultra Wide-Band
pulse Doppler radar for localiza-
tion and respiration of multiple
target
Detection through wall single of
multiple target breathing (nor-
mal breathing) either at same lo-
cation or diﬀerent location
2012 [40]
Used 24 GHz continuous wave
Doppler radar to detect respi-
ration of multiple subject and
utilized natural gradient Blind
Source Separation algorithm to
isolates the signals
Multi person respiration rate
(normal breathing) was detected
and isolated
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2012 [41]
Used 24 GHz Doppler Radar
where the respiration and heart
signal was separated digitally us-
ing FIR ﬁlter
Heart and respiration signals are
successfully detected at distance
of 0.5m and successfully isolated
using ﬁxed ﬁlter
Despite of these reported work and the recent advances in microwave technolo-
gies, there are many open questions and challenges remain particularly in the feasi-
bility and accuracy of Doppler radar in monitoring diﬀerent dynamics of breathing
patterns and functions, consideration of signals acquisition and processing under the
inﬂuence of artefacts as well as for multiples subjects environment. These identiﬁed
challenges will be further discussed and addressed in this dissertation.
1.2.6 Doppler Eﬀect: Theory and Derivation
Typically, consider a transmitted sine wave signal with an angular frequency ω0,
Tx = sin(ω0t+ φ0), (1.2.1)
where Tx is the transmitted signal, t is the time, and φ0 is the arbitrary phase
shift. Assume that the target is stationary at a distance of r0 from the radar and
the transmission time from radar to target is r0/c where c is the wave propagation
velocity. The target range at time t is given by equation r(t) = r0+ r˙(t− t0), where
r is the range of the target from the radar and r˙ (velocity) is the rate of change of
r, t0 is the time at r = r0. The received signal at the stationary target is the same
as the transmitted signal at the time r0/c which can be given as
Rtarget = sin(ω0t− ω0r0
c
+ φ0). (1.2.2)
The received signal from the target at time t, would have been sent Δt seconds
prior to time t. This can be represented as Δt = 2r0/c. Referring to equation 1.2.1,
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signal can be depicted in the same formulation given as
Rx = sin(ω0(t−Δt) + φ0). (1.2.3)
Substituting Δt = 2r0/c into equation (1.2.3), the received signal is further repre-
sented as
Rx = sin(ω0t− 2ω0r0
c
+ φ0). (1.2.4)
For a target moving(radially) with respect to the radar, the distance will vary and
by using r(t) = r0 + r˙(t − t0) and ωd = 2ω0r˙/c, the received signal can be further
derived as
Rx = sin(ω0(t− 2r(t)
c
) + φ0),
= sin(w0(t− 2r0
c
− 2r˙(t− t0)
c
) + φ0),
= sin(ω0(1− 2r˙
c
)t− 2ω0
c
(r0 − r˙t0) + φ0),
= sin((ω0 − ωd)t− 2ω0r0
c
+ ωdt0 + φ0), (1.2.5)
where the frequency of the reﬂected signal is shifted by ωd and the phase angle
by ωdt0. Therefore, the Doppler shift ωd can also be denoted as ωd = 2πfd, where
fd = 2r˙f0/c is the Doppler shift in Hertz and f0 is the transmitted frequency. Using
λ = c/f0, fd can be written as fd = −2r˙/λ where the negative sign accounts for the
fact that if r˙ is negative (when the target is approaching), the Doppler frequency
will be positive or vice versa [16].
From equation (1.2.5), the phase angle Φ of the received signal is given as ωdt0.
Therefore, the transmitted wave from the radar to the target will be reﬂected to
the receiver with some phase shifting and can be represented as phase modulation
given as
Φ =
2ω0r˙
c
t0 =
4π(r)
λ
. (1.2.6)
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Figure 1.3: Block diagram for respiration sensing from the abdomen using Doppler
radar with a quadrature receiver
1.2.7 Human Respiration Model based Doppler Radar Mea-
surements
Thus, the measurement model for human respiration using Doppler radar is shown
in ﬁgure 1.3 and can be derived as follows. Generally, the Doppler shift in frequency
is given by
fd(t) =
2fv(t)
c
, (1.2.7)
=
2v(t)
λ
, (1.2.8)
where v(t) is the velocity of the target, λ is the wavelength of the transmitted signal
and c is velocity of the propagating wave. Assuming the target to be stationary or
undergoing a periodic movement of x(t) with no net velocity, the Doppler frequency
shift can be represented in the form of non-linear phase modulation as the phase
signal Φr(t) given by
Φr(t) =
4πx(t)
λ
, (1.2.9)
where x(t) is the displacement of the chest wall or abdomen. Using a continuous
wave (CW) radar, the transmitted signal is represented by
T (t) = cos(ω0t+ φ0(t)), (1.2.10)
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where T (t) is the transmitted signal, and φ0 is the arbitrary phase shift or the
phase noise of the signal source. If the transmitted wave, T (t) is reﬂected by the
target/subject at a nominal distance do with a time varying displacement of x(t)
which is caused by the movement of the torso (abdomen). Thus, the distance [2]
between the transmitter and the target is given as d(t) = d0 + x(t).
The measurement of the time delay between the transmitter and the target
is denoted as the distance travelled over the signal’s propagation velocity given as
d(t)/c. Thus, due to the movement of the abdomen during the process of respiration,
the distance between the antenna and the abdomen at the time of reﬂection is
denoted as d(t− d(t)/c) and the round trip time can be further derived as
td =
2(d0 + x(t− d(t)
c
))
c
. (1.2.11)
Using similar formulation shown in the equation (1.2.3) along with ω0 = 2πf
and c = fλ, the received signal, R(t) can be represented as
R(t) = cos[ω0(t− td) + φ(t− td)],
= cos[ω0(t−
2d0 + 2x(t− d(t)
c
)
c
) + φ(t−
2d0 + 2x(t− d(t)
c
)
c
)] (1.2.12)
and further approximated as
R(t) ≈ cos(2πft− 4πd0
λ
− 4πx(t)
λ
+ φ(t− 2d0
c
)). (1.2.13)
Demodulation of the phase is used to determine the motion signature which can be
detected at the receiver. In the direct conversion system, the received signal will
be mixed with local oscillator to obtain the baseband output given as
B(t) = cos(θ +
4πx(t)
λ
+Δφ(t)). (1.2.14)
In a Quadrature receiver system, the received signal will be split into two forms
which are an in-phase (IB(t)) and a quadrature phase(QB(t)) signal where the
Chapter 1. Introduction 15
phase diﬀerence will be π/2. Therefore, a general two orthogonal baseband outputs
of the quadrature receiver system can be denoted as
IB(t) = cos(θ +
4πx(t)
λ
+Δφ(t)), (1.2.15)
QB(t) = sin(θ +
4πx(t)
λ
+Δφ(t)). (1.2.16)
Here, θ = 4πd0/λ is the constant phase shift dependent on the nominal distance to
the target, and Δφ(t)) is the residual phase noise.
1.3 Introduction to Respiratory Physiology
A better understandings of the human respiratory mechanism would be useful when
applying the Doppler radar concepts for capturing the human respiratory function
leading to practical non contact longer term monitoring devices. This section will
be providing an overview of respiratory physiology and essential parameter mea-
surements from the respiration activities.
1.3.1 Lung Volumes
The resistive and elastic properties of the lungs and chest walls as well as the driving
pressure of the respiratory muscles determines the pulmonary ventilation [42]. A
simpliﬁed diagram of the lung is shown in ﬁgure 1.4. As shown in ﬁgure 1.5, the total
gas containing capacity of the lungs can be divided into a series of volume [43], which
in combination, signify the lung capacities. Two states of ventilation process where
the lungs dimension changed is known as inhalation (inspiration) and exhalation
(expiration).
During full inspiration, the largest amount of air that can be accommodated in
the lungs is known as the total lung capacity, TLC [44]. Even after the complete
forced expiration, not all the air in the lung is expelled where a portion of gas
resides in the lung is known as the residual volume, RV. Vital capacity, VC, is the
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greatest volume of air that can be inspired or expired and this is from the diﬀerence
between the TLC and RV. During normal breathing, tidal volume, VT , is only a
small portion of the vital capacity approximately 10% and increases to 50-60%
during strenuous activities [43]. The volume of the gas in the lung after a normal
expiration is known as the functional residual capacity (FRC). Inspiration reserve
volume is the amount of air that can be inhaled beyond a normal inspiration while
the expiratory reserve volume is the amount of air can be expire beyond a normal
expiration. The summary of the spirogram and the subdivision of lung volume is
as shown in ﬁgure 1.5.
Total ventilation
7500 ml/min
Tidal volume
500 ml
Frequency
15/min
Anatomic dead space
150 ml
Alveolar ventilation
5250 ml/min
1
Alveolar gas
3000 ml
Pulmonary
blood flow
5000 ml/min
Pulmonary
capillary blood
70 ml
FLOWSVOLUMES
~
–
–
West_Chap02.indd   13
Figure 1.4: Typical volumes and ﬂows in lung [44]
1.3.2 Respiratory System Motion
The process of exchanging oxygen and carbon dioxide between the surrounding and
the blood is very crucial in every human respiratory system. In respiration, for
gas exchange to occurs in lung, muscles contract to generate the volume change in
the thorax. This will create a diﬀerence in pressure between the thorax and the
external environments that causing the air to move in and out of the lungs [46,47].
In the mechanics of breathing, the exchange of air between the alveoli and
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Figure 1.5: Lung volumes [45]
external environment is the movement of air from a high pressure area to a low
pressure area where all the pressure in the respiratory system are relative to the
atmospheric pressure (760mmHg at sea level) [46]. The movement of the air ﬂow in
and out heavily depends on the pressure in the alveoli and it changes accordingly to
the amount of volume in the alveoli where the pressure increases as volume decreases
and vice versa. During inhalation, air is drawn into lungs where the rib cage will be
expanded and diaphragm contract by pulling down the surface downwards around
1 cm for normal breathing and up to 10 cm of deep breathing [44,47,48].
During inhalation, air will enter into nasal cavity (nose) or oral cavity (mouth)
directly to trachea (windpipe) and into bronchi of each lung. This process can be
called as conducting zone where it represents the process of air to reach site of gas
exchange. The decrease in alveolar pressure in the lung caused the pressure outside
to ﬂow in due to the nature of air ﬂow from higher pressure area to lower pressure
area. Volume of the thoracic cavity increases and process will continue as long as
the pressure within the alveoli is lower than atmospheric air pressure.
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As for during exhalation, air will be moving out from lung to outside where it
happened when the alveolar pressure in the lung becomes greater than the atmo-
spheric pressure. Hence, air is forces out of the lungs. At this stage, the rib cage
and diaphragm are relaxed where the lung contact becomes smaller. Albeit the
diaphragm is completely relaxed, it is likely that some diaphragmatic muscle tone
is maintained [47]. In this process, lungs will never completely deﬂate where some
air will still stay inside the lung and this is known as residual volume.
Thus, the detection of movement of abdomen due to inhalation and exhalation
activities is made possible using Doppler radar. The time varying abdomen position
will modulate the transmitted signal in terms of frequency or the phase where
this information can be derived from the reﬂected signal at the receiving ends.
Additionally, with proper analysis and calibration, other function of respiration
such as tidal volume can be derived through the non-contact measurement through
Doppler radar.
1.3.3 Commonly Used Conventional Measurement of Hu-
mans Respiration function
Typically, there are few methods by which respiration can be measured, namely
measurement of respiratory movement, measurement of oxygen saturation and the
air ﬂow. Typically, the measurement of air ﬂow usually involves the use of masks
or device such as spirometer which provides the information about the changes in
the volume during breathing activities. The measurement of air ﬂow can be also
acquired and derived from thermocouples and capnography indirectly which have
less adverse eﬀects [2]. Another indirect measurement of air ﬂow can be derived
via respiratory movement when the two degree of freedom model of chest wall was
introduced by Konnoet.al [49] in the 1960s. It shows the relationship of ventilation
in regards to the rib cage and abdomen displacements where calibration is required
based on subjects posture.
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Pulse oximeter is commonly used in clinical settings to provide the information
on eﬃcacy of respiration by measuring the tissue oxygenation though it does not
directly measure the respiration rate. In brief, it is a device with non-invasive con-
tinuous method of monitoring the percentage/saturation of oxyhaemoglobin which
consists of a probe attached to the patient’s ﬁnger or earlobe [50, 51]. The device
determines oxygen saturation by measuring the light absorption of arterial blood
at two diﬀerent frequencies. The absorption of light in oxyhaemoglobin and re-
duced haemoglobin is diﬀerent from each other which can be determined using two
wavelength (red and near infrared light) corresponding to 660nm and 940nm. The
ratio of absorbencies at the wavelength is then calibrated empirically toward direct
measurement of oxygen saturation to estimate the pulse oximeters oxygen satura-
tion level curve. Thus, pulse oximetry can be only used to measure the respiratory
disturbance but not the airﬂow, respiration movement or respiration rate [52].
Another type of measurement is the plethysmography that measures the changes
of volume of organs or other body parts [53, 54]. Typically, in respiration plethys-
mography, measurements are obtained from the bands around the chest and the
abdomen where the measurement involves the change in diameter, circumference
or the cross sectional area of the thorax by the changes in impedance [2]. Further,
strain gauges can be strapped on the abdomen and rib cage wall to measure the
distension of abdominal and thoracic cavities to estimate the change in respira-
tion [55].
A nasal/oral thermocouple or thermistor is one of an inexpensive method to
assess airﬂow. It is an indirect measurement or semi-quantitative assessment in
sensing the temperature change of air in front of the noise/mouth during expiration
[56] where the exhaled air is warm and inhaled air is cool [52]. Thermocouples are
more commonly used as they are highly accurate and operate over a broad range
of temperatures. On the other hands, thermistors are highly sensitive but with a
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smaller temperature range.
1.3.4 Vital Signs Measurements
In clinical practical or even in emergency situations, measurements of vital signs
includes blood pressure, temperature, pulse rate and respiration rate is considered
as a standard procedure. They are regularly monitored as they can provide infor-
mation of the severity of certain conditions where the change in the readings can
be the key predictors in certain critical conditions of such events [5, 6] or even an
early alert of a changing physiological condition.
1.3.5 Importance of Respiratory rate and patterns
For instance, in normal resting breathing, the rates varies from 12-20 breaths in a
minute [9] and some reported studies suggest it is abnormal having a rage over 20
breaths/min and critical if it is over 24 breaths/min [5]. Additionally, the changes
in respiratory patterns could be associated with certain respiratory disorders as
discussed by Yuan et.al [9]. For instance, in sleep studies, there are many types
of sleep related respiratory dysrhythmia associated with neurologic illness such as
cheyne-stokes respiration, biot’s breathing, central apnoea and etcetera as discussed
in [57, 58] .
Therefore, respiratory rate, patterns and volume of respiration together are a
key predictor of respiratory physiology where most of the measurements made are
based on conventional contact approach. These measurements can vary signiﬁcantly
in terms of the respiration rate and patterns if the patients realized that their
respiration is being monitored [59].
The capability of Doppler radar in capturing these respiration patterns and
functions (i.e. tidal volume) accurately will be extensively studied as one of the
main work in this dissertation along with a detailed analysis and relevant signal
processing techniques.
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1.4 Functional Anatomy of Respiration in Sleep
During sleep, almost every system in the body undergoes changes in the form of
reduced activity albeit some systems showing increased activity [56]. Physiology
changes are known to occur in both the somatic and autonomic nervous system
(ANS) during sleep. In brief, respiration is controlled by the automatic or metabolic
and the behavioural control system [60–63]. “ These two system are complemented
by a third system known as the arousal system which may also be called the sys-
tem for wakefulness stimulus. These respiratory system work in conjunction with
the various peripheral and central inputs to maintain acid-base regulation and res-
piratory homeostasis. The location of the respiratory neurons makes them easily
vulnerable to a variety of central and peripheral neurologic disorders, particularly
central neurologic disorders involving the brain stem [56]”.
The rising acute respiratory failure in sleep is caused by acute and chronic
nuerologic illness that aﬀect the central or peripheral respiratory pathways. Further,
the control of breathing may be aﬀected by some of the conditions where it is not
desirable and often catastrophic resulting in cardio-respiratory failure and even
sudden death. [56].
1.4.1 Respiratory Dysrhythmia In neurologic Disorders Re-
lated to Sleep
As discussed before, there are many types of sleep related respiratory dysrhyth-
mia (see ﬁgure 1.6) that has been associated with certain neurologic illnesses in-
cludes mixed apnoea, upper airway obstructive apnoea, central apnoea, paradoxical
breathing, biot’s breathing, cheyne-stokes respiration, ataxic breathing, dysrhyth-
mic breathing, inspiratory gasp, apneustic breathing, and cheyne-stokes variant [64].
Each of the respiration patterns is essential in determining types of sleep related
respiratory dysrhythmia. Thus, gaining more information on respiration patterns
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besides respiration rates will provide more insight into the characteristics of certain
respiratory disorders.
1.4.2 Various Types of Sleep Related Disorder
Some sleep related disorders or respiratory dysrhythmia that has been associated
with certain neurologic illnesses are discussed in the section below.
A. Sleep Apnoea
Typically, there are three types of sleep apnoea namely central apnoea, upper
airway obstructive apnoea and mixed apnoea. During sleep, a person could
experience a few episodes of sleep apnoea particularly central apnoea during
rapid eye movement sleep and at the onset of the non-rapid eye movement
sleep [65, 66]. In order to be pathologically signiﬁcant, the occurrence of
apnoea has to be lasts at least for 10 seconds of duration during sleep. The
apnoea index (number of episodes of apnoea occurs in every hour of sleep)
should be at least 5 and at least 30 episodes during 7 hours of all night
sleep [56, 67].
During central apnoea, there is a cessation of breathing and air ﬂow which
denotes a non-existence of respiratory eﬀort where diaphragmatic and inter-
costal muscle activies are not present. In brief, no air exchange through the
nose or mouth at this stage. Upper airway obstructive sleep apnoea (OSA)
on the other hand characterized by the cessation of of airﬂow through nose or
mouth with persistent eﬀort of intercostal muscle and diaphragmatic activi-
ties. In mixed sleep apnoea, initially, air ﬂow ceases as well as the respiratory
eﬀort then follower by a period of OSA where this pattern may be reversed
on rare occasions [65].
B. Hypoapnoea
American Academy of Sleep Medicine Task Force (1999) deﬁned sleep related
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hypoapnoea as a reduction in respiration eﬀort to less than one half of the
volume measured during the preceding or following respiratory cycle with 3%
or more oxygen desaturation or EEG arousal [68]. In brief, decreasing of air-
ﬂow at the mouth and nose with reduced thoracoabdominal movement are few
characteristic of sleep related hypoapnoea. This indirectly causes a reduction
in tidal volume. An apnoea-hypoapnoea index (AHI) which deﬁned as the to-
tal number of apnoea and hypoapnoea in an hour of sleep is considered normal
if the number is 5 or less. The term respiratory disturbance index (RDI) often
incorrectly used interchangeably with AHI includes the measurement of respi-
ratory eﬀort related arousals in addition to apnoea and hypoapneas in every
hour of sleep where the number is at least 10 to be clinically signiﬁcance [64].
C. Apneustic Breathing
This type of breathing is due to the prolonged inspiration and short expiration
period which inherently increased the I: E ratio respiratory time [69, 70]. In
association with vagatomy, the cause of this type of breathing may results from
a neurologic lesion in the caudal pons that disengages the apneustic center
in the lower pons (“Pons: The part of the brainstem that is intermediate
between the medulla oblongata and the mesencephalon and is composed of a
ventral part and the tegmentum [71]”) from the penumotaxic center in the
upper pons [56,72,73].
D. Hypo-ventilation Due to Sleep
It is a type of dysrhythmia respiration without any apnoea or hypoapnoea
characteristic which is commonly observed in neuromuscular and intrinsic
pulmonary and thoracic restrictive disorders, and sometimes in brain stem
lesions [74]. It is often related to the increased in the partial pressure of
arterial carbon dioxide (Paco2) of 10mm Hg above the supine awake values
during sleep [75]. Abnormality rise in the partial pressure of arterial carbon
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dioxide is not due to apnoea or hypoapnoea but often accompanied by sever
sleep related hypoxemia.
E. Upper Airway Resistance Syndrome (UARS)
During sleep, a gradually increased in upper airway resistance limiting the
amount of airﬂow resulting in loud snoring to a stage of upper airway resis-
tance syndrome followed by a completely obstructive airway occlusion which
normally observed in patients with OSA syndrome. Initially, patients with
upper airway resistance syndrome demonstrate subtle airﬂow restriction due
to the increased resistance followed by a number of repeated arousals during
sleep [65].
F. Inspiratory Gasp
Contrary to Apneustic Breathing, inspiratory gasp is a type of breathing due
to prolonged expiration and a short inspiration time which reduced the I:E
time ratio [76]. This type of respiration has been noted after lesion in the
medula [69, 77].
G. Paradoxical Breathing
In an event of paradoxical breathing, the thorax and abdomen is moving in
such a way that the phase is inverted with each other or in opposite direc-
tion. This is due to the increase of upper airway resistance. Moreover, during
paradoxical breathing, the chest wall moves in on inhalation and out on exha-
lation, which is opposite of the normal respiration movements [78]. In upper
airway resistance syndrome, this symptom may be noted without any change
in oronasal airﬂow but in obstructive sleep apnoea, it can be accompanied by
reduction or even the absence of oronasal airﬂow [65].
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1.4.3 Sleep Related Movement Disorder
During nocturnal rest disrupting sleeps, various types of movement disorders may
occurs. Sleep related movement disorder listed by the classiﬁcation of Sleep Dis-
orders (ICSD-2) includes restless legs syndrome, periodic limb movement disorder,
sleep-related leg cramps, sleep-related bruxism, and sleep-related rhythmic move-
ment disorder [79]. All these conditions can adversely aﬀect sleep routine that
resulted in insomnia, poor quality of sleep and fatigue. The very ﬁrst ﬁndings
of restless legs associated with severe sleep disturbance was reported in the 17th
century by Sir Thomas Willis and the term restless legs syndrome (RLS) was ﬁrst
coined by Swede Karl Axel Ekbom [80]. On the other hand, in 1963, the involuntary
leg movements during sleep were ﬁrst discussed by Symonds [80,81].
RLS and PLMD during sleep are two distinct but overlapping disorder. PLMD
is characterised as a motor disorder with the occurrence of measurable periodic
episodes of repetitive and highly stereotyped limb movements during sleep [56,82].
RLS on the other hand is a sensory disorder subjective to discomfort leg sensations
while awake or prior to sleep onset that triggered by almost irresistible urge to move
the legs [83]. Type of movements involved in patients with PLMD ranging from
Babinski-like extension of the great toe to ﬂexion of the ankle, knee and occasionally
the hip and /or upper extremities of the body [64].
The use of Doppler radar in acquiring respiration signals will be extended con-
sidering these circumstances with appropriate signal processing algorithms as one
of the essence of this dissertation.
1.5 Overview of the Study
Conventionally, respiration measurements are made through contact approach with
a variety of plethysmographic methods (including respiration strap) where at most
of the time, it requires careful placement of the apparatus and this might increase
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the time and cost. Additionally, in some condition where patients with dermato-
logical problem or burns victims, having wearable sensor or physically in contact
sensors are not possible as it can further deteriorate the condition of the patients.
At the same time, the measurement of the respiration is essential as it is one of the
key predictors for certain critical conditions.
Thus, a non-contact measurement method surely come in useful in these critical
scenarios. Using microwave Doppler radar, measurement of respiration can be per-
formed noncontact without the need of special clothing or handling. The movement
of abdomen/chest can be measured accurately due to the inhalation and exhalation
activities during breathing. The movement of each component of breathing will
cause certain Doppler shift where this Doppler shift can be further represented in
phase modulation. Later, the displacement of these movement can be computed.
Additionally, with this non-contact measurement approach, information related
to respiration anatomy or function such as respiration rates, respiration patterns
and certain sleep-respiratory disorder can be derived accordingly. The use of
Doppler radar is not only targeted to measuring respiration activities, but also
any meaningful information such as movement signatures/characteristics related to
certain conditions particularly in sleep-related movement disorders.
This dissertation presents an evaluation and comprehensive analysis of the ac-
quired signal from a continuous wave (CW) homodyne Doppler radar in respiration
detection and monitoring. As the noncontact sensing method for respiration is get-
ting more realistic and practicable, it is crucial to consider diﬀerent environment
factors which will aﬀect the reliability of the sensing mechanism; i.e. motion arte-
facts or the presence of multiple people. Thus, this study will cover three main
aspects:
1. Evaluation of noncontact Doppler radar in detection and analysis of humans
respiratory function with relevant signal processing.
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2. Consideration of respiration sensing under the inﬂuence of motion artefacts
and interferences with comprehensive signal processing and analysis.
3. Consideration of respiration sensing under the inﬂuence of multiple subjects
with relevant signal separation taking account the occurrence of diﬀerent
breathing’s states (for instance normal and apnoea characteristics).
In achieving above objectives, the relationship between the acquired Doppler
radar and the characteristics of the breathing process is studied. For instance, a
complete respiration cycle is comprised of inhaling (inspiration) and exhaling (ex-
piration) states accompanied by a pause as described in [84]. Typically, breathing
cycle rates are predominantly in spite of the ratio of inhalation to exhalation (I:E)
for each breathing cycle. Another important parameter associated with breath-
ing is respiratory tidal volume derived from microwave radar which draws on the
relationship between the chest wall displacement and the tidal volume. Diﬀerent
type of breathing can be potentially derived from such chest wall or abdomen dis-
placement information during inhalation and exhalation. However, the feasibility
of a noncontact sensing mechanism in capturing the dynamic change of respiration
patterns (related to breathing disorders) accurately has not been reported in the
literature.
Further, the accuracy of the Doppler radar in capturing the tidal volume under
diﬀerent breathing scenarios has not been investigated before. As reported in the
literature [33, 85–88], most of the work done focused in extracting the breathing
rate via Fast Fourier Transform (FFT) and only a few work on the time-frequency
analysis [25,89]. The use of FFT as an absolute analysis is not adequate to represent
the actual breathing activities accurately which leads in ﬁnding a better approach
in signal interpretation particularly in terms of decomposition of breathing compo-
nents in this work.
Additionally, most of the data collection were performed with the subject in
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minimal motion or motionless [21–26, 28–32, 90, 91]. In practical, it is unlikely for
the target to be in stationary. Few method had been reported in the literature
in reducing the motion artefact as reported in [92, 93] but most of the techniques
required an external device for instance, a camera or having more than two sen-
sors for motion compensation/separation. Moreover, the use of Doppler radar in
respiration monitoring has been vastly applied in the detection of a single subject.
Nevertheless, is some application such as home-based monitoring for sleep, the en-
vironment usually have multiple subjects in vicinity; i.e. on the bed. Therefore, it
is essential to be able to separate the sources of breathing from diﬀerent subjects
in order to have a useful detection system.
1.5.1 Contributions
The main contribution of this work is three-fold.
An accurate noncontact measurement and analysis of respiratory func-
tion
The ability of Doppler radar in capturing diﬀerent dynamics of breathing patterns
as well as the tidal volume function accurately are still an unresolved issues. Addi-
tionally, the analysis of the respiration cycles by means of decomposition to further
gain additional insights still remains as an open question.
In this work, the feasibility of Doppler radar in capturing the dynamics of breath-
ing patterns associated to respiratory disorder (professional role played based on
medical literature) with proposed time-frequency analysis. A simple calibration
algorithm was proposed to ﬁnd the relationship between Doppler radar respiration
signal and medical standard spirometer. Further, modelling of the inhalation and
exhalation components (I:E) was proposed to signify the accuracy of noncontact
measurements along with the classiﬁcation technique for diﬀerent types of breath-
ing events. The identiﬁcation was carried out and validated using the proposed
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dynamic time warping algorithm.
The suppresion of motion artefacts from noncontact measurements of
Doppler radar
In practice, particularly targeted for sleep studies, the monitoring of respiration
would be aﬀected by motion artefacts. As the respiration pattern is equally impor-
tant as the respiration rate, the proposed technique using discrete wavelet transform
(DWT) in reconstructing the respiration signal as well as to isolate the artefacts
not only simpliﬁed the system design but also reduced the cost of having external
device for signal compensation. For this, a comprehensive analysis of appropriate
selection of the mother wavelet was carried out. Additionally, another technique of
using the combination of empirical mode decomposition (EMD) and independent
component analysis (ICA) namely EMD-ICA was proposed for the suppression of
these artefacts.
The separation of multiple respiration signals from multiple subjects
Most of the reported results focused on obtaining non-contact respiration measure-
ments for a single subject [21–24]. In many practical applications, the received
signal can easily be adversely aﬀected when there is more than one subject present
in the immediate neighbourhood; especially in a home based, long term monitoring
application where the subjects share a bed with the partner. This environment
factor was studied where fastICA algorithm is used to separate diﬀerent sources
of respiration from the mixed signal of Doppler radar. The proposed solution per-
formed well even for a mixture of normal and abnormal breathing patterns. Further,
various type of separation algorithms were studied for comparison purposes.
1.5.2 Thesis Organization
The remainder of the thesis is organized as follows.
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Chapter 2 introduces the basic architecture of Doppler radar system in captur-
ing respiration signal using AD8347 (Direct Conversion Quadrature Demodulator).
Characteristic of diﬀerent types of breathing namely normal breathing, fast breath-
ing, and diﬀerent I:E ratio was captured and discussed. Additional experiment on
abnormal breathing such as on an asthmatic subject was conducted. Signal pro-
cessing technique includes the correction of I/Q (in-phase and quadrature-phase)
from the quadrature receiver, breathing cycle decomposition, modelling and iden-
tiﬁcation are also presented in this chapter.
Chapter 3 introduces the feasibility and accuracy of Doppler radar in capturing
various dynamics of breathing patterns associated to speciﬁc respiratory disorder in
noncontact approach which is particularly essential as it further proves that Doppler
radar is capable in measuring the change of the abdomen/chest motion accurately
in a non-contact technique as the breathing patterns is equally as important as the
respiration rate. Here, a time-frequency analysis is proposed for further analysis of
the respiration characteristics instead of using a typical processing method, FFT.
Additionally, the relationship between the movement of the chest/abdomen and the
tidal volume for various type of breathing events were investigated where a simple
algorithm to recalibrate the Doppler radar signal relative to the reading from gold
standard medical spirometer is proposed.
Chapter 4 introduces the acquisition of respiration signal (in both seated and
supine position) via Doppler radar under the inﬂuence of motion artefact; i.e jerking
of the limb, movement of body, head’s movement and arm’s swing. Diﬀerent ﬁnite
impulse response (FIR) low pass ﬁlters including the common techniques reported
in the literature were investigated and discussed in terms of their performance.
For this purpose, two diﬀerent techniques are proposed namely discrete wavelet
transform (DWT) and EMD-ICA (Empirical Mode Decomposition - Independent
Component Analysis) to ﬁlter/reconstruct and isolate the respiration signal from
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the artefacts. More in depth details are discussed in this chapter.
Chapter 5 presents an application of respiration acquisition for multiple sub-
jects. In this chapter, for simplicity, two sources (two subjects) of breathing at
diﬀerent frequency are used in the simulation where the mixing is done randomly.
The separation of the respiration source is performed via Independent Component
Analysis (ICA) as a preliminary study. Later, the proposed method is used to
separate real practical data acquired from two subjects with diﬀerent breathing
scenarios; i.e. normal breathing only and a mixture of apnoea characteristics.
Chapter 6 provides conclusive comments on the underlying detection and anal-
ysis of human respiration function using microwave Doppler radar with direction
for future work in the ﬁeld.
Chapter 2
Respiratory Function Analysis:
Decomposition, Modelling, and
Identiﬁcation
2.1 Introduction
Respiration monitoring is essential in the diagnosis and treatment of conditions
such as chronic obstructive pulmonary disease, heart disease and a number of sleep
related conditions [4]. Furthermore, dysfunctional respiratory patterns such as rapid
or shallow breathing [7] or high frequency breathing rates have also been associated
with certain psychosomatic conditions [8] all of which, at present, are typically
measured via respiration rates alone. However, a more detailed analysis of breathing
patterns [9–14] will provide physicians with new insights into diagnostic medicine
particularly if this can be performed non-invasively. Non-contact Doppler radar
has already been considered in a variety of patient monitoring and measurement
scenarios in healthcare including heartbeat and respiration monitoring in place of
conventional methods such as the chest strap, photoplethysmograph [15] and ECG
[94]. Research reported using Doppler radar in measuring human physiological
activity [21,24,25,95–98] has predominantly demonstrated the feasibility of Doppler
radar in obtaining breathing frequency or heart rate using FFT, wavelet analysis
or time-frequency analysis [25, 85, 89].
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A complete respiration cycle is typically deﬁned by inhalation (inspiration) and
exhalation (expiration) states accompanied by a pause as described in [84]. Breath-
ing rates are predominantly calculated independent of the inhalation to exhalation
ratio (I:E) for each breathing cycle. For normal and spontaneous breathing, there
is an abundance of time for the exhalation process from the inspired tidal volume,
but in certain pathological states, for instance, asthma and COPD (Chronic ob-
structive pulmonary disease), reduced expiratory ﬂow would need longer time to
empty the inspired lung volume [99]. Typically, for adults, a normal I : E ratio
is in the range of 1:2 but this varies between individuals depending on the health
and the physiological state of the individual [100]. Consequently more information
of each component is extremely important as it can be useful in early detection of
several respiratory disorders.
Another important parameter associated with breathing is respiratory tidal vol-
ume [101,102] which can also be derived from microwave radar due to the relation-
ship between the chest wall displacement and the tidal volume. Diﬀerent types of
breathing can potentially be deduced from such chest wall or abdomen displace-
ment information during inhalation and exhalation. This information can be used
to identify diﬀerent types of breathing signatures such as shallow breathing, deep
breathing, slow breathing, fast breathing and other types of breathing patterns.
Indeed, the displacement of the chest wall or abdomen in shallow breathing is ex-
pected to be small and the complete breathing cycle would occur in a shorter time
period compared to normal breathing.
Doppler radar operates by transmitting a radio wave signal and receiving the
modulated version of the signal due to the motion triggered by the target [101,
103]. The reﬂected wave is in the modulated form where it undergoes a frequency
shift proportional to the radial velocity that can be described using the Doppler
eﬀect. When a target has a quasi-periodic motion, the time varying position of
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the target can be represented as a phase modulated signal and the phase shift is
directly proportional to the object’s movement. Thus, the movement of the chest
wall/abdomen for respiration due to the inhalation, exhalation and the pause states
can be detected and modelled using the reﬂected Doppler shifted signal - the main
focus of this chapter. Further, diﬀerent types of inhaling and exhaling states were
acquired for modelling purpose. The purpose of this chapter is summarized as
below:
i Investigation of Doppler radar’s feasibility in capturing diﬀerent types of
breathing patterns under various breathing scenarios.
ii Correction of I/Q signal imbalance and cross-validation of Doppler breathing
signal with standard respiration measurement, the respiration belt (MLT1132
Piezo Respiratory Belt Transducer).
iii Decomposition of the breathing signal (from Doppler radar) into its respective
inhalation and exhalation components, representing each component model
using 4th polynomial ﬁtting (see table 2.2) and classifying decomposed breath-
ing components into its respective breathing scenarios.
2.2 Methods
2.2.1 Respiration Sensing Via Doppler Radar
The measurement model for human respiration using Doppler radar follows the
derived equations as discussed in Chapter 1.2.7.
2.2.2 Signal Processing, Decomposition and Identiﬁcation
A complete breathing cycle is comprised of inhalation (I), exhalation (E) and pause
components where the ratio of I : E can certainly be asymmetric [100]. Therefore,
computation of breathing rates purely based on simple single frequency signatures
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computed via Fast Fourier Transforms (FFT) is not suﬃcient to provide detailed
breathing pattern features - particularly for the identiﬁcation and analysis of respi-
ratory conditions. Firstly, the basic received signal is sent to the I/Q (In-phase and
Quadrature-phase) demodulator for direct conversion into its baseband diﬀerential
I/Q signal and then sampled at 1000 Hz using NI-DAQ (National Instrument Data
Acquisition System). The diﬀerential signals were then converted to a single ended
baseband signal, removing any DC components of the raw signals and then pro-
cessed in two diﬀerent approaches. In the ﬁrst approach, the pre-processed raw data
was modelled using a piecewise linear least squares approach [104]. In the second
approach, the raw data was processed using a SG (Savitzky-Golay polynomial least
square) [105] smoothing ﬁlter and further analysed using Fourier ﬁltering [106]. The
ﬁrst approach oﬀers a simple method applicable for real-time processing while the
second approach oﬀers more accurate identiﬁcation of the respiration cycle compo-
nents and their properties - the main focus in this chapter.
2.2.3 Correction of I/Q Amplitude and Phase Imbalance
Two orthogonal outputs (I & Q) are obtained from a quadrature receiver system
but in practice (due to the imperfection of components in the hardware design),
it suﬀers from amplitude and phase imbalance which aﬀects the accuracy of the
recovered data at the output [107]. Consequently, phase and amplitude correction
is necessary to increase accuracy. There are a number of approaches to correct
the amplitude and phase imbalance [108] and [109]. In [109], a ﬁnal form of two
orthonormal vectors using a method similar to the Gram Schmidt orthogonalization
(GSO) [107] has been proposed as shown in the equation (2.2.6). The derivation of
this is as follows. The ideally received signal, Rx(t) is deﬁned by
Rx(t) = XIcos(w0t) +XQsin(w0t), (2.2.1)
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where XI and XQ are the in-phase and quadrature phase of the information signal
respectively. In our approach, with the presence of amplitude imbalance and phase
oﬀset, the received signal at the mixer can be represented as:
R
′
x(t) = Rx(t) ∗ cos(w0t) +Rx(t) ∗ Ae ∗ sin(w0t+ φ), (2.2.2)
where Ae and φ are the amplitude & phase imbalance. Demodulation of received
signal is as follows:
I
′
= Rx(t) ∗ cos(w0t), (2.2.3)
Q
′
= Rx(t) ∗ Ae ∗ sin(w0t+ φ). (2.2.4)
Expanding the derivation:
I
′
= XIcos(w0t)cos(w0t) +XQsin(w0t)cos(w0t), (2.2.5)
Q
′
= XIcos(w0t) ∗ Ae(sin(w0t)cos(φ) + cos(w0t)sin(φ))
+XQsin(w0t) ∗ Ae(sin(w0t)cos(φ) + cos(w0t)sin(φ)).
After the low pass ﬁltering and ignoring the term
1
2
, representation of orthogonal
XI and XQ in matrix form:[
XI
XQ
]
=
[
1 0
−tan(φ) 1
Aecos(φ)
][
I
′
Q
′
]
. (2.2.6)
Using equation (2.2.6), correction on amplitude and phase imbalance can be per-
formed. Simulation results of using this approach will be discussed in Section 2.3.
2.2.4 The Piecewise Linear Fitting Method
This method ﬁts non-linear, typically noisy, waveforms by choosing an optimal
segmentation of the waveform and then ﬁtting each segment with a linear function
[104]. Here the segmentation process is critical and in this case, appropriate lengths
of non-overlapping segments were used. Also, a ﬁxed non-overlapping segments of
200ms to accommodate the Doppler radar signal was used.
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2.2.5 Filtering: Savitzky-Golay Method and Fourier Method
The Savitzky-Golay ﬁlter is a least square polynomial ﬁlter [105]. By applying the
ﬁlter to the noisy data obtained from the chemical spectrum analysers, Savitzky and
Golay demonstrated how it reduces noise while preserving the shape and height of
waveform peaks. Here, the SG ﬁlter was used to smooth the input raw data after the
DC components were removed. The output from the SG ﬁlter improved the shape
of the signal signiﬁcantly where noise and redundancy were ﬁltered extensively as
shown in ﬁgure 2.6 (Data Set 1)(sub-ﬁgure: a & c).
The signals were smoothed by SG ﬁlter and then reconstructed using Fourier
ﬁltering. This was to extract absolute maxima and minima points of the breath-
ing curve that denotes each of the inhalation and exhalation components. Fourier
Filtering from [106] has already been used as one of the processing algorithms to
further eliminate noise and to reconstruct the signals. It is a ﬁltering function that
manipulates speciﬁc frequency components of a signal by taking the Fourier trans-
form of the corresponding signals which later either attenuate or amplify frequencies
of interest. In this chapter, the Fourier ﬁlter was used to eliminate noise employing
a band pass ﬁlter depending on the desired breathing frequency range while not
distorting the signal signiﬁcantly. The shape of the Fourier ﬁltered signal was quite
similar to the resulted signal from piecewise linear ﬁtting but was smoother and
local minima and maxima was prominent.
2.2.6 Breathing Signal Decomposition
For the breathing cycles obtained from Doppler radar, it is assumed that the transi-
tion from local minima to local maxima on the curve represent the inhalation com-
ponent and vice versa for exhalation component, respectively. A peak detection
algorithm was then used to determine the maximum and minimum points of each
transition deﬁning the inhalation and exhalation components, respectively. These
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components were extracted separately and represented by a 4th order polynomial.
We then computed the average representation for normal and fast breathing compo-
nents (inhalation & exhalation) to be used as a model for component identiﬁcation
as discussed in Section 2.5.3.
2.2.7 Identiﬁcation-Dynamic Time Warping
Dynamic time warping, DTW is used to optimally align two time series where one
time series is transformed to best ﬁt the other [110]. This technique has been
extensively used in speech recognition to identify the similarity of spoken phases
from two waveforms as the duration of each spoken sound can vary with similar
overall waveform shapes. DTW has also been used in other areas such as data
mining and gait recognition [111]. Typically, similarity between two time series
for the purpose of classiﬁcation often requires distance measurement between the
two. Computation of Euclidean distance between the two time series may not yield
accurate results if one of the two time series is slightly shifted along the time axis.
To overcome this limitation, DTW was introduced as described in [110]. Here,
we use DTW for registering and comparing breathing components to determine
temporal features (extracted breathing component model).
2.3 Experiment Mechanism
Measurement of humans respiration was approved by the Faculty of Science and
Technology Ethics Sub Committee HEAG (Faculty Human Ethics Advisory Groups),
Deakin University and all participants provided their written informed consent to
participate in this study.
A Doppler radar system as shown in the ﬁgure 2.1 has a continuous wave (CW)
that operates at 2.7 GHz with 2.14 dBm, two panel antennae where one is (Tx) and
the other (Rx), I/Q demodulator (Analog Device AD8347) and a data acquisition
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Figure 2.1: Doppler Radar System
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Figure 2.2: Signal Processing Flow
module(NI-DAQ) were used. The received signals were directly converted into I/Q
decomposition using AD8347 where the demodulated signal was then sent to a DAQ
for further processing using MATLAB.
For this experiment the subject was positioned 0.5m away from the antenna
(Transmitter, Tx and Receiver, Rx). The panel antennae were aligned to focus on
the abdomen to capture a better Doppler eﬀect due to respiration. The subject,
with normal clothing (see ﬁgure 2.1) and was asked to stand in front of the antenna
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Figure 2.3: I/Q Amplitude & Phase Imbalance Correction Simulation
and breathe in speciﬁc ways for a determined period of time as follows: “normal
breathing (maintaining consistency in inhalation and exhalation rate)”, “fast breath-
ing (fast inhalation and fast exhalation)”, “fast inhalation and slow exhalation” and
“slow inhalation and fast exhalation”.
For each breathing pattern, the number of breathing cycles were manually
counted and recorded independently to be compared with those computed using
the proposed signal processing techniques as shown in ﬁgure 2.2.
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Figure 2.4: Comparison of Respiration Belt Signal versus Doppler Radar Signal
For validation purposes, a respiband (MLT1132 -Piezo Respiratory Belt Trans-
ducer) attached to PowerLab -(ADInstruments) was used as a reference signal to
compare with the Doppler measurements. Results in ﬁgure 2.4 show the normal-
ized raw respiration signal obtained from the respiration belt and normalized ﬁltered
Doppler radar signals.
From equation (2.2.6), the imbalance factors of Ae and φ need to be estimated for
I/Q correction. This procedure is similar to the GSO procedure as the quadrature-
phase signal is orthogonal to the in-phase signal. The simulation was performed
by assuming that the breathing frequency is in the vicinity of 0.2 Hz in the I and
Q representation. In the simulation results shown in ﬁgure 2.3(c), the phase oﬀset
of 25o with amplitude imbalance in quadrature signal was simulated in the noisy
signal. We have estimated the amplitude imbalance ratio and phase oﬀset between
I and Q signal is corrected the signal using equation (2.2.6) as shown in ﬁgure 2.3.
Amplitude imbalance was obtained by taking the average ratio of Q/I while the
phase oﬀset was estimated by computing the phase diﬀerence between the I and Q
signals.
Estimated parameters would be slightly diﬀerent from the real value due to the
noise in the signal but it will be adequate to correct the Q signal based on the I
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signal. From the results shown in ﬁgure 2.3(e), the corrected Q signal is similar
to the simulated noiseless signal (ﬁgure 2.3(a)) in of the amplitude and the phase
oﬀset. The same approach was used with the real data and subsequently compared
with the respiration belt signal. The corrected Q signal is slightly better than the
uncorrected Q signal as the mean squared errors are “0.041651” and “0.050928”
respectively (see ﬁgure 2.4). For further evaluation on the Doppler radar signals
compared to the reference respiration belt, ﬁve data sets (a minute of recording for
each data set) were collected from the subject (random breathing) where the mean
square error (MSE) and correlation coeﬃcient were computed. Results are shown
in table 2.1 and we notice a good correlations obtained between the Doppler signals
and the respiratory belt signals.
Table 2.1: Quantitative Evaluation of Doppler Radar Signal with Reference Respi-
ration Belt
Data Set
Mean Square
Correlation Coeﬃcient
Error
1 0.017 0.968
2 0.094 0.938
3 0.009 0.965
4 0.005 0.942
5 0.015 0.975
For the decomposition of the breathing signal into inhalation and exhalation
components, it is necessary to calculate the transition time of each breathing com-
ponent independent of the breathing amplitude. In addition to this, preliminary
measurements were obtained from a voluntary subject (asthmatic) to understand if
there were any detectable breathing pattern diﬀerences in his breathing compared
to normal patterns - see ﬁgure 2.6 & table 2.5. In the future, as an extension to this
current work, more trials will be performed with more subjects, particularly with
diﬀerent breathing conditions for further analysis. This chapter is a preliminary
exercise to convey the correlation of Doppler radar with clinically used chest strap
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devices.
2.4 Dynamic of Respiration
The results were based on choosing the I/Q baseband signal closest to the optimum
point [112] and best matched with the independent breathing measurement.
2.4.1 Normal Breathing
Normal adult breathing rates range from 12 to 20 cycles (inhalation, exhalation,
pause) in a minute [9]. Figure 2.5 (ﬁrst row) represents the normal breathing
pattern. It can be seen that for a period of 20 seconds there were 5 breaths which
corresponds to 0.25 Hz (≈15 breaths per minute) and the FFT of the signal shows
a constant peak at 0.2441 Hz or 14.646 breaths per minute. The patterns and
extracted rate correlated with the independent breathing counts.
2.4.2 Fast Breathing
Rapid breathing is typically deﬁned as above 20 breaths per minute for resting
adults and this is called Tachypnea [113]. In this experiment, our aim was to
establish if breathing at diﬀerent rates can be detected robustly and the feasibility
of subsequent classiﬁcation. Figure 2.5 (second row) represents the fast breathing
pattern with diﬀerent dynamics. Here, the subject was inhaling and exhaling at
a faster rate resulting in a shorter breathing cycle. Result show the occurrence
of 12 breathing cycles in a period of 20 seconds (36 per minute). The FFT also
shows a peak at 0.6104 Hz corresponding to 36.6 breaths per minute - similar to
the independent breathing cycle counts.
2.4.3 Slow Inhalation - Fast Exhalation
We mimic another type of breathing scenario where the inhalation is slower than the
exhalation rate. Data was collected for a period of 10 seconds and from ﬁgure 2.5
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Figure 2.5: Doppler Radar Signals From Various type of Breathing Scenarios
(third row), a longer inhalation time (Mark in Green Box) and a shorter exhalation
time (Mark in Red Box) is evident. This is as expected as the subject inhales slowly
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and exhales at a faster pace. Results shows that there were two clear breathing
cycles in a period of 10 seconds. Observed results show an average of 2.5:1 for
the I:E ratio where the FFT computation approximated the breathing rate to be
14.65(0.2441 Hz) breaths per minute and the expected breathing rate was 12 breaths
per minute from independent measurements. For these particular experiments, an
average of 2.5 seconds was required for inhalation compared to the one second
needed for exhalation.
2.4.4 Fast Inhalation - Slow Exhalation
Figure 2.5 (fourth row) shows the signal representation for fast inhalation and slow
exhalation. Measurements clearly show that two breathing cycles with an average
of 1:2.5 I:E ratio occurred. The breathing rate was expected to be 12 breaths
per minute and from the FFT, the breathing rate was estimated as 14.65(0.2441
Hz) breaths per minute. Results from both observations clearly show that the
exhalation is longer than inhalation. Both the cases discussed in section (2.4.3 -
2.4.4) further proves that the respiration rate alone is not adequate in describing
the respiratory activities of the subjects. A more descriptive information could be
obtained through the breathing cycle decomposition approach from the non-contact
Doppler radar measurement.
2.5 Discussions
Results in Section 2.4 have demonstrated the feasibility of Doppler radar in cap-
turing various types of breathing dynamics and this section further discusses the
importance of breathing cycle analysis, decomposition and identiﬁcation.
2.5.1 Abnormal Breathing Patterns
It is clear that simply recording breathing frequencies, measured as a angular fre-
quency using spectral methods, is inadequate for analysing asymmetric breathing
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patterns [100] - albeit useful for extracting the fundamental cycle for breathing peri-
ods. The evidence so far is that decomposing the breathing cycle into its inhalation
and exhalation components oﬀers a more accurate and insightful approach to de-
tecting and interpreting breathing and can be performed reliably using Doppler
radar. In this particular experiment, the breathing patterns of a voluntary subject
(age:23, height:180 cm and weight:95 kg) who has asthma, was collected within
the duration of 30 seconds but not during an asthma attack. Results are shown in
ﬁgure 2.6. Notice, the inhalation component (marked in the green colour box) is of
a shorter duration compared to the exhalation component (marked in the red color
box) where the approximated I:E ratio for that subject is 1:2.5. Both the results
showed a longer duration recorded for exhalation compared to inhalation where the
implications are such that the subject could be having diﬃculties in exhaling [114]
and this enforces the value in the analysis by decomposition.
In future work, experiments from Section (2.4.1 - 2.5.1) will be extended with
an increased number of subjects (normal and abnormal) in a clinical trial to further
support the qualitative and quantitative evaluations. This can facilitate ﬁnding
a more accurate and insightful way to describe the respiratory functions using
a non-contact form of measurements. Furthermore, additional analysis could be
performed, including the amplitude variation and the shape of each decomposed
breathing components pertaining to diﬀerent types of subjects. For instance, am-
plitude variations in the voluntary subject with asthma was observed to be lesser
than of the subject with normal breathing. Consideration on respiratory eﬀort,
breathing patterns, and other related factors (eg. respiratory function such as tidal
volume) would be an essential study in the future in evaluating the potential use of
Doppler radar in respiratory research which includes sensing, detections, analysis
and qualitative assertions.
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Figure 2.6: Breathing Pattern from Voluntary Asthmatic Subject(Data Set 1 &
Data Set 2)
2.5.2 Breathing Component Decomposition
Although a complete breathing cycle comprises of inhalation and exhalation, short
and even long pauses can also exist between these states depending on the regularity
of breathing and other factors such as the need for oxygen, surrounding environ-
ment, etc. A long pause, for instance, of more than 10 seconds [115] is deﬁned as
an abnormal event and is known as apnoea relevant for detecting sleep apnoea and
even SIDS. Breathing patterns can also potentially be used together with the anal-
ysis of tidal volume [101] to diagnose other aspects of breathing problems such as
shallow breathing and the capability in detecting apnoea. These have been reported
in [95] using microwave Doppler radar.
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The main purpose of decomposing the breathing cycles is to gain useful infor-
mation of the breathing activity. For instance, an abnormal breathing rate of 8
breaths/min, could be analysed with more information such as inhalation and ex-
halation rates etc. This can be particularly useful when it could be used in the early
diagnosis of speciﬁc breathing conditions or in a pulmonary rehabilitation [116–118],
especially if it could be performed in a non-contact form.
Each inhalation and exhalation component was extracted to obtain the poly-
nomial coeﬃcients from normal and fast breathing data respectively and results
indicate that a 4th order RMSE (root mean square error) and Corr (correlation
coeﬃcient) polynomial was suﬃcient to ﬁt these components (eg. randomly chosen
inhalation & exhalation component) as shown in the Table 2.2. Subsequently, us-
ing the same approach, the computed fourth order polynomial model was used to
characterise two diﬀerent types of inhalation and exhalation breathing components
(normal and fast). This model was then used to identify the experimental breathing
scenario as discussed in Section 2.5.3.
2.5.3 Analysis of the Breathing Component
I:E Ratio Analysis
The ratio between the inhalation or exhalation components was computed from the
average time duration in considerations of the entire set. Using the collected data,
there were 15 fast and 7 normal components extracted from the data sets and the
ratio of each of the components (in comparison to the average time of respective
inhalation/exhalation components) are shown in ﬁgure 2.7. It was seen that there
were two distinct groups corresponding to two diﬀerent breathing dynamics in two
diﬀerent events where this could not be estimated from the respiration rate estima-
tion (spectral analysis).
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Figure 2.7: Ratio of Breathing Component
Table 2.2: Polynomial Order Evaluation
Inhalation Exhalation
order RMSE Corr RMSE Corr
1 2.14E-03 0.9912 2.04E-03 0.9918
2 2.02E-03 0.9921 2.03E-03 0.9919
3 3.15E-04 0.9998 5.39E-05 0.9999
4 1.97E-17 1 1.02E-17 1
5 3.26E-17 1 1.36E-17 1
Dynamic Time Warping and Evaluation by Correlation
The time duration for complete inhalation and exhalation components varies be-
tween individuals and situations. Therefore, in order to summarise, characterise,
compare and interpret breathing patterns, a number of alternatives can be consid-
ered. In our experiments, these include:
i Extraction of inhalation and exhalation components based on normal and fast
breathing criteria.
ii Computation of fourth order polynomials model for each breathing condition
(normal and fast) from the extracted components respectively.
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iii Using Dynamic Time Warping to ﬁnd the optimal alignment between the
predeﬁned model from (ii) and the randomly picked breathing component.
iv Using the correlation method to identify the similarity of the aligned results
from (iii) for identiﬁcation. Compute the MSE between the curves.
Table 2.3: Performance Evaluation of Random Breathing Component with Selected
Model
Breathing Polynomial
MSE Corr Class
Component Model
Fast Inhalation
Normal 1.11e-04 0.933
Fast
Fast 4.28e-06 0.989
Normal Inhalation
Normal 2.23e-06 0.999
Normal
Fast 8.37e-05 0.954
Fast Exhalation
Normal 4.58e-05 0.972
Fast
Fast 4.47e-07 0.999
Normal Exhalation
Normal 2.50e-06 0.999
Normal
Fast 7.76e-05 0.958
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Figure 2.8: DTW of Normal Inhalation Component with Respective Inhalation
Model
Two diﬀerent polynomials for inhalation & exhalation in normal and fast breath-
ing were modelled from the data sets (Procedure: i-ii). For validation, dynamic time
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Figure 2.9: DTW of Fast Exhalation Component with Respective Exhalation Model
warping was performed between randomly chosen components (any data set) with
the model based on polynomial representation (Procedure: iii-iv).
The purpose of performing this experiment was to use the derived model as a
reference and to classify each breathing component based on two diﬀerent classes.
In brief, by deriving a model based on the rate of breathing, we can, in fact, iden-
tify and correlate the extracted breathing components with the derived model to
distinguish diﬀerent respiratory classes. For validation purposes, the experiments
were performed as follows:
• Fast Inhalation Component with Normal & Fast Inhalation Model
• Normal Inhalation Component with Normal & Fast Inhalation Model
• Fast Exhalation Component with Normal & Fast Exhalation Model
• Normal Exhalation Component with Normal & Fast Exhalation Model
Each of the breathing components∗ were randomly picked from the data sets. It
was then evaluated and represented in term of mean square error (MSE) and corre-
lation coeﬃcient (Corr) as shown in the Table 2.3. For graphical representation, as
an example, we associate “ Normal Inhalation Component with Normal & Fast In-
halation Model” and “Fast Exhalation Component with Normal & Fast Exhalation
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Model”, the results were shown in “ﬁgure 2.8” and “ﬁgure 2.9” respectively.
2.6 Summary
Real time respiratory measurement with Doppler Radar has an important advantage
in the monitoring of certain conditions such as sleep apnoea, sudden infant death
syndrome (SIDS) and many other general clinical uses requiring fast non-wearable
and non-contact measurement of the respiratory function. The feasibility of us-
ing Doppler radar in measuring the basic respiratory frequencies (via Fast Fourier
Transform) for four diﬀerent types of breathing scenarios; normal breathing, rapid
breathing, slow inhalation-fast exhalation and fast inhalation-slow exhalation were
evaluated and conducted in a laboratory environment. A high correlation factor
was achieved between the Doppler radar based measurements and the conventional
measurement device; a respiration strap.
This work extended from a basic signal acquisition to extracting detailed fea-
tures of breathing function (I:E ratio). By decomposing the respiratory cycle into
inhalation, pause and exhalation, it is possible to extract additional information
on the breathing activities. For this purpose, a fourth order polynomial to repre-
sent each atomic component of breathing and demonstrated the use of DTW in
classifying breathing component independently into the corresponding class. In the
derived model, each component is associated to a speciﬁc breathing scenario, which
in particular are fast and normal breathing. This facilitated additional insights into
breathing activity and is likely to trigger a number of new applications in respiratory
medicine.
Chapter 3
Respiratory patterns and
Deduction of Tidal Volume
3.1 Introduction
Typically, recording and monitoring of vital signs such as blood pressure, tempera-
ture, pulse rate and respiration rate are considered as standard hospital procedures.
Often, these are recorded only when patients experience respiratory problems or
they are in certain critical conditions where abnormal respiratory rates are one of
the key predictors of such events [5, 6]. Normal breathing rates for resting adults
varies from 12-20 breaths/min [9] and some studies suggest having a rate of over
20 breaths/min is abnormal and critical if it is over 24 breaths/min [5]. As we
gain more insight into the respiratory function in its natural form, one interest
among breathing and sleep researchers is, can long term respiratory signatures po-
tentially be used in the diagnosis of respiratory disorders? In particular, can the
identiﬁcation of diﬀerent respiratory patterns lead to detecting speciﬁc respiratory
conditions? George et al., [9] have already discussed the importance of respiratory
rate as well as associating certain types of breathing patterns to certain respiratory
disorders. Therefore, a non-contact mechanism which accurately captures respira-
tory function under various breathing conditions is destined to support research
leading to new clinical practices in many areas relevant to respiratory physiology.
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Doppler radar systems for monitoring vital physiological signs have been re-
ported in a number of papers (see, for example [2, 21–26]) all demonstrating its
feasibility in obtaining respiration rates (frequency) using fast Fourier transform
(FFT) [119], wavelet analysis [89] or time-frequency analysis [25]. However, to the
best of our knowledge its ability to capture diﬀerent types of breathing patterns is
still an unresolved issue. Further to this, although respiratory tidal volume has
been deducted using Doppler radar [120] for normal breathing conditions using the
known relationship between chest wall movement and tidal volume, this has not
been investigated for other forms of respiratory conditions. In this chapter, we look
at obtaining the tidal volume under diﬀerent breathing scenarios.
Continuous and simultaneous measurement of the breathing patterns and tidal
volume longer term is useful and could potentially be used to assess certain breath-
ing disorders especially if it can be performed via non-contact techniques. As men-
tioned in [121], variation in breath by breath volume and temporal pattern distri-
bution changes are dependent on the clinical condition and the pathophysiology
which in turn can be related to either restrictive or obstructive lung diseases. This
signiﬁes the importance of having tidal volume measurements in addition to the
breathing patterns.
In this chapter, we demonstrate the feasibility of using Doppler radar in captur-
ing diﬀerent types of breathing patterns. Breathing types were professionally role
played as per the widely accepted descriptions given in [9,122]. In addition, we show
that the relationship between the inspiration and expiration tidal volumes obtained
from Doppler radar correlates with the measurements obtained from the clinically
used spirometer readings for various breathing conditions. The remainder of this
chapter is organised as follows: Section 3.2 provides the theoretical background of
Doppler radar in measuring the respiration function, Section 3.3 describes the signal
processing algorithms used in dealing with the Doppler radar and reference signals
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and Section 3.4 describes the experimental setup for data collection. Sections 3.5 &
3.6 discuss the parameters measured and concluding remarks are given in Section
3.7.
3.2 Respiration Monitoring via Microwave Doppler
Radar
The Doppler Eﬀect [103] occurs when there is change in frequency in the radiated
or reﬂected radio wave due to the movement of the object. When a continuous wave
is transmitted towards an object, the reﬂected signal is either frequency modulated
or phase modulated due to the movement of the object. By comparing the two,
the change in frequency and phase can be derived from the received signal. The
derivations of Doppler radar in measuring human respiration are given in Chapter
1.2.7.
3.3 Signal Processing
3.3.1 Savitzky-Golay Filter
The Savitzky-Golay ﬁlter is a least square polynomial ﬁlter [105]. Savitzky and
Golay demonstrated the use of this ﬁlter in removing the noisy data obtained from
the chemical spectrum while preserving the shape and height of waveform peaks.
Referring to [105], a least square polynomial p(n) of order N is ﬁtted to the signals
with a moving window of size 2M + 1 centred at n = 0. This can be explicitly
stated as,
p(n) =
N∑
k=0
akn
k, (3.3.1)
where ak is the k-th coeﬃcient of the polynomial function. The mean squared
approximation error (εN) for the underlying group of data point samples centred
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at n = 0 can be represented as,
εN =
M∑
n=−M
(p(n)− x[n])2, (3.3.2)
=
M∑
n=−M
(
N∑
k=0
akn
k − x[n])2. (3.3.3)
Thus, the output value is smoothed and derived from the central point of n = 0
of the moving window and the whole procedure is repeated over the stream of data
by convolution [105].
y[n] =
M∑
m=−M
h[m]x[n−m], (3.3.4)
=
n+M∑
m=n−M
h[n−m]x[m]. (3.3.5)
SG ﬁlter was used to smooth the raw data from Doppler Radar while preserving
the shape and reducing the noise. The results are shown in Section 3.5.
3.3.2 Respiration Rate Extraction
Fourier and wavelet transform approaches were used in extracting the respiration
rate in each particular breathing cycle.
Fast Fourier Transform: FFT
Fourier transform is used for characterizing linear systems as well as to identify
the frequency components that make up a continuous waveform [123]. FFT is an
eﬃcient and fast approach in computing the Discrete Fourier transform (DFT). In
this work, the FFT (using the Cooley-Tukey DFT algorithm) [123] was used to
determine the related frequency component of breathing and the resultant spectra
are shown in Section 3.5 via spectral peak extraction.
The extracted peak frequency can be used to approximate the breathing rates
especially under a normal breathing condition. As for abnormal breathing patterns,
it is found that FFT is no longer suitable for capturing the respiration rate as it
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does not give the information on the time instance at which the frequency occurs.
This is due to the non-periodic characteristic in an abnormal breathing cycle and
led us to explore using continuous wavelet transform which is described in Section
3.3.2.
Continuous Wavelet Transform (CWT)
Computation of FFT over the complete time period of the signal only returns the
corresponding frequency components of the signal but not the information on the
time instance at which a particular frequency occurs. However, the Short Time
Fourier Transform (STFT) using a sliding window provides information on both
time and frequency with limited resolution on both dimensions simultaneously [124].
The wavelet transform is destined to address this issue. In the continuous wavelet
transform (CWT), the mother wavelet is dilated in such a way to cater for temporal
changes of diﬀerent frequencies [125]. A mother wavelet function is deﬁned as a
function of ψ(t)	L2() with a zero mean and localized in both frequency and time.
Properties of the wavelet can be summarised as follows:
∫ ∞
−∞
ψ(t)dt = 0, (3.3.6)
‖ ψ(t) ‖2 =
∫ ∞
−∞
ψ(t)ψ∗(t)dt = 1. (3.3.7)
Through dilation and translation of a mother wavelet ψ(t), a family of wavelets is
produced. We can denote this as,
ψs,u(t) =
1√
s
ψ(
t− u
s
), (3.3.8)
where (u, s) 	 , u is the translating parameter specifying region of interest and s
is the dilation parameter that is greater than zero. Continuous wavelet transform
is the coeﬃcient of the basis ψu,s(t) [124] which is the inner product of the family
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of the wavelet ψu,s(t) with the signal f(t) denoted as,
FW (s, u) =< f(t), ψs,u(t) >, (3.3.9)
=
∫ ∞
−∞
f(t)
1√
s
ψ¯(
t− u
s
)dt, (3.3.10)
where ψ¯ is the complex conjugate of ψ and FW (s, u) is the time scale map. Using
equation 3.3.9, one dimensional signal of f(t) can be mapped into a two dimensional
coeﬃcient of FW (s, u) and time frequency analysis can be performed where we could
locate a particular frequency (s) at that particular time instance u.
If f(t) is a L2() function, inverse transform of the wavelet can be denoted as,
f(t) =
1
Cψ
∫ ∞
0
∫ ∞
−∞
Wf(s, u)
1√
s
ψ
t− u
s
du
ds
s2
, (3.3.11)
where Cψ is,
Cψ =
∫ ∞
0
|Ψ(ω)|2
ω
dω <∞, (3.3.12)
and Ψ(ω) is the Fourier transform of the mother wavelet ψ(t). In this chapter, we
used CWT to map the signals into time-frequency representation as a comparison
to FFT. The results are shown in section 3.5.
Table 3.1: Evaluation of Doppler radar measurements with Respiration belt for 6
subjects
Dataset 1 Dataset 2
Subject Gender Mode MSE Error(%) Correlation MSE Error(%) Correlation
1 male abdomen 0.0236 1.18 0.9355 0.0764 3.82 0.9006
2 male abdomen 0.0394 1.97 0.9610 0.0358 1.79 0.9065
3 male abdomen 0.0102 0.51 0.9468 0.0172 0.86 0.9430
4 female chest 0.0248 1.24 0.9718 0.0163 0.82 0.9668
5 male chest 0.0544 2.72 0.8378 0.0140 0.70 0.9079
6 female abdomen 0.0270 1.35 0.9601 0.0116 0.58 0.9505
3.3.3 Correlation of Radar Signal with Respiration Belt
Analysis of the breathing pattern, independent of the respiration rate measure-
ments, can often provide clues for the existence of speciﬁc respiratory conditions [9].
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For example, abnormal breathing, as in Cheyne-Stokes breathing, can be seen in
normal people, altitude-related respiratory defects, or in patients with severe neu-
rological or cardiac diseases [126]. Therefore, relying on the respiration rate alone
will not provide suﬃcient information on the breathing pattern. In this chapter,
diﬀerent types of breathing patterns were professionally role played in real time
based on the description of the patterns reported in the literature [9,122] including:
1. Normal Breathing
2. Kussmaul’s Breathing
3. Cheyne-Stokes Respiration
4. Ataxic Breathing & Biot’s Breathing
5. Cheyne-Stokes variant
6. Central Sleep Apnoea
7. Dysrhythmic Breathing (Non-rhythmic breathing).
Our intention of creating these scenarios is to establish that the measurements
made using microwave Doppler radar correlates quite closely to the measurements
made by clinically established techniques. Indeed, to use Doppler radar as a clinical
tool, clinical trials with a suﬃcient number of subjects suﬀering from these condi-
tions are required for an extensive analysis. This preliminary work lays a strong
foundation and enforces the need for such extensive clinical trials.
3.3.4 Correlation of Radar Signal with Spirometer
By deﬁnition, tidal volume (TV) is the amount of air inspired or expired during
regular breathing. It is a measurement of the amount of air ﬂowing in and out of
the lungs [113]. The linear relationship between lung and air ﬂow during regular
breathing has been previously documented (see, for example, [120, 127]) and since
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the output of the Doppler radar is proportional to the abdomen/chest wall move-
ment, the amount of air ﬂow either in or out can be derived in a similar way. Firstly,
calibration was performed in order to obtain the most reliable chest displacement
measurements as follows:
1. Compute FFT for radar and spirometer signals
2. Determine the maximum amplitude for both signals
3. Compute the ratio from (2)
4. Reconstruct new signal for radar from the calculated ratio by multiplying the
ratio with the radar signal.
This will provide us with a functional relationship between the displacement of
the chest wall (signals from Doppler radar) and the tidal volume to estimate the
inhalation and exhalation ﬂow rates.
3.4 Experiment Setup
The measurement of humans respiration was approved by the Faculty of Science
and Technology Ethics Sub-Committee HEAG (Faculty Human Ethics Advisory
Groups), Deakin University and all participants provide their written informed
consent to participate in this study.
A 2.4 GHz Doppler radar module [128] was used in this experiment. The system
transmits a 2.4 GHz continuous wave at 0 dBm (1mW) and was attached to a
two panel antenna (transmitter and receiver) having a data acquisition module
(DAQ: NI-USB6009). The received signals were then sent to DAQ (sampled at
1000 Hz) for further processing using MATLAB. For this experiment, the subject
was positioned 0.8m away from the panel antenna where the antenna was aligned
to focus on the abdomen (belly) rather than the chest to capture a more reliable
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Doppler signal. This setup varies for diﬀerent subjects depending on belly breathing
or chest breathing. Data is collected from the subject with normal clothing and
was instructed to follow speciﬁc breathing patterns as discussed in Section 3.3.3.
For each experiment, an external respiration belt (MLT1132 Piezo Respiratory Belt
Transducer - sampled at 1000 Hz) attached to PowerLab (ADInstruments) was used
as a reference signal to evaluate the performance of the Doppler radar.
For each breathing pattern experiment, 3 data sets were collected (only one set
of observations for each breathing pattern is shown in this work) from subject 1
where all the data sets show a good correlation with the reference respiration belt
signal. This is to ensure a higher level of accuracy for Doppler radar in capturing the
movements of the abdomen during breathing activity in this non-contact approach.
Additionally, ten data sets of random breathing activities were collected from ﬁve
additional participants (Age = 25 ± 5; male and female) and the performance
evaluation of the results are shown in Table 3.1 and Figure (3.5-3.10).
Another set of experiments were performed to evaluate the air ﬂow in and out
during inhalation and exhalation using a Doppler radar system and a spirometer
(MLT1000L respiratory ﬂow-head attached to the Powerlab, sampled at 1000 Hz)
as a reference. All the experiments were performed with the subject in a seated
position (unless stated in a supine position) with a straight back and minimum
movement from the body. With a seated position, the support from the back rest
of the chair will minimize the movement of the body compared to a standing position
and therefore, further improvements could be expected with a subject in a supine
position.
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3.5 Respiration Patterns: Analysis and Discus-
sion
The dynamics and shape of the breathing patterns are shown in the following sec-
tions. For each condition, the human subject was instructed to follow a certain
breathing pattern to investigate the feasibility of using Doppler radar in capturing
such conditions. Without concentrating on the duration of each breathing pattern,
the subject was briefed on the characteristics of each type of breathing pattern
before each experiment commenced. Each Doppler record was compared with the
standard respiration belt measurement as a reference. To this end, both the results
from Doppler radar and respiration belt were normalized (to have a range of [-1 1])
to ﬁnd the correlation of the breathing patterns obtained. The data is normalized
to the range of [a,b] using:
X
′
= a+
X −Xmin
Xmax −Xmin (b− a), (3.5.1)
where a = −1 and b = 1.
Further, the respiration rate analysis was approximated from the FFT and a
time frequency analysis was obtained from the Continuous Wavelet Transform by
computing the spectral density and the time-frequency distribution respectively. We
proposed the use of CWT instead of purely relying on the spectral analysis as more
information can be obtained from the time-frequency analysis to further understand
how the breathing activity had taken place. The wavelet coeﬃcients from the CWT
can be used to extract features (i.e energy, entropy, frequency distribution, power
etc.) along with patterns recognition techniques to characterise breathing disorders
as well as ﬁlter-out the motion artefacts. We further discuss this in section 3.5.9
and also in the future work to potentially use this technique as a diagnostic tool
for which strong and convincing evidence of reliability of Doppler radar in a range
of breathing conditions is paramount of importance.
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Table 3.2 shows the overall validation of the normalized Doppler Radar measure-
ments in comparison to the normalised respiration belt signals using mean square
error (MSE) and correlation coeﬃcient (Corr Coeﬀ) as the average of three data
sets.
Table 3.2: Evaluation of Doppler Radar Measurements compared to Respiration
Belts (section 3.5.1 - section 3.5.7)
Types of Breathing MSE Corr Coeﬀ
Ataxic 0.0038 0.9465
Biot 0.0063 0.9762
Central Sleep Apnoea 0.0121 0.9427
Cheyne-Stokes 0.0094 0.9376
Cheyne-Stokes variant 0.0089 0.9650
Dysrhythmic Breathing 0.0236 0.9355
Normal Breathing 0.0461 0.9198
Kussmauls Breathing 0.0764 0.9006
3.5.1 Normal Breathing
The normal breathing rate for an adult ranges from 12-20 breaths/min [9]. In
this particular trial, the subject was asked to breathe normally and at ease, again,
sitting on a chair, up right and facing the antenna. Figure 3.1a shows a normal
rate of 12 breaths/min. From Figure 3.1b, the breathing rate estimated using
spectral density is 14.6 breaths/min (0.2441 Hz) which agrees with the CWT where
a dominant frequency is present at 0.2441 Hz band.
3.5.2 Central Sleep Apnoea
For this experiment, data was collected with the subject in the supine position
(sleeping on a bed) to emulate the typical environment of sleep. Central sleep
apnoea is one type of sleep related disorders. Typically, sleep apnoea occurs at
least 5 times per hour of sleep and each apnoeic lasts for at least 10 seconds.
During central apnoea, there is a cessation of airﬂow with no diaphragmatic and
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Figure 3.1: (a)Normal Breathing signal: (from top to bottom: Raw radar Sig-
nal; Filtered Signal; Reference respiration belt signal; and Normalized respiration
belt signal versus normalized ﬁltered radar signal); (b)Spectral Density (FFT) and
Continuous Wavelet Transform for normal Breathing from Doppler Radar
intercostal muscle activity. This means that there is no air exchange either through
the nose or the mouth. From Figure 3.3a, there are approximately 8 breaths/min
but from the spectral analysis in Figure 3.4a, it is approximated 15.11 breaths/min
corresponding to 0.2518 Hz. This is not accurate as spectral density approximation
is not an appropriate approach to ﬁnd the respiration rate for abnormal breathing
patterns. From Figure 3.4a, using the distribution of frequency versus time, we
can clearly see that there is no sign of breathing activities (apnoea) for the ﬁrst
8 seconds, 45-60 seconds and 90-110 seconds. This ability of Doppler radar in
detecting the apnoea state is beneﬁcial for sleep monitoring which includes sleep
apnoea conditions and also for more critical sudden infant death syndrome (SIDS).
3.5.3 Ataxic Breathing and Biot’s Breathing
Ataxic breathing is often characterised by irregular cyclic breathing periods (irreg-
ular frequency and interspersed tidal volume) followed by unpredictable periods of
Chapter 3. Respiratory patterns and Deduction of Tidal Volume 66
0 20 40 60 80 100 120
−1
0
1
Raw Data of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 20 40 60 80 100 120
−1
0
1
SGfilter of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 20 40 60 80 100 120
−50
0
50
Reference : Respiration Belt signal
A
m
pl
itu
de
0 20 40 60 80 100 120
−2
0
2
t(s)
NormalizeG Respiration Belt Versus NormalizeG Radar Signal
A
m
pl
itu
de
t(s)
Radar Signal
Respiration Belt Signal
(a)
(b)
Figure 3.2: (a)Cheyne Stokes Breathing signal: (from top to bottom: Raw radar
signal; Filtered signal; Reference respiration belt signal; and Normalized respiration
belt signal versus normalized ﬁltered radar signal);(b)Spectral Density (FFT) and
Continuous Wavelet Transform for Cheyne Stokes Breathing from Doppler Radar
apnoea or pauses in breathing. Biot’s breathing is another special type of breathing
abnormality with nearly regular cyclic breathing followed by an apnoea segment.
These forms of breathing are sometimes associated to brain-stem stokes, narcotic
medications and patients with medullary lesions [9,122]. For ataxic types of breath-
ing, from Figure 3.3b, it is diﬃcult to approximate the breathing rate from the pat-
terns but the most frequent form is that of irregular cyclic breathing followed by a
pause. Spectral density cannot be considered to provide a good approximation (see
Figure 3.4b) as there is no dominant peak found while from CWT, we can clearly
see the distribution of signals from time versus frequency analysis. For instance,
from the ﬁrst breathing segments, the subject breathes with a lower frequency of
0.1221 Hz followed by a period of rapid breathing at a frequency of 0.4883 Hz and
eventually slowing down to 0.1221 Hz. This type of information is not available from
spectral analysis and can further be improved with higher frequency resolution.
As for Biot’s breathing, from Figure 3.3c, there were 8 breaths/min consisting
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of a long apnoea period in between regular breathing patterns. From the spectral
analysis shown in Figure 3.4c, it was approximated by 23.802 breaths/min which is
not consistent with the patterns as shown in Figure 3.3c due to the combination of
both regular and irregular breathing patterns. In the CWT analysis, however, both
are separated and therefore the results tends to be more accurate as the dominant
frequency was clearly seen at 0.4883 Hz which corresponds to 29.3 breaths/min
occurring at relative time stamps corresponding to the breathing patterns shown
in Figure 3.3c .
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Figure 3.3: Normalized respiration belt signal versus normalized ﬁltered radar signal
3.5.4 Cheyne Stokes Respiration
In Cheyne-Stokes breathing, there is a cyclic change in breathing with a crescendo-
decrescendo type of sequence followed by pauses or central apnoea. In certain
neurologic disorders, this type of breathing is often encountered, i.e. bilateral cere-
bral hemispheric lesions [122], patients with stroke, brain tumour, traumatic brain
injury. Carbon monoxide poisoning, metabolic encephalopathy, altitude sickness,
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and non-rapid eye movement of patients with congestive heart failure [9] can also
exhibit this type of respiratory patterns.
From Figure 3.2a, it can be clearly seen that the pattern changes with a crescendo-
decrescendo sequence followed by an apnoea state. This further proves that Doppler
radar is capable of capturing the changes of breathing in a non-contact method with
good correlation to the one captured using the respiration belt. For respiration rate
analysis, from Figure 3.2b, it is diﬃcult to approximate the rate from the peak itself
using FFT method and it is prominent in CWT. From the CWT, we can see the
sequence of crescendo-decrescendo from the energy level with the time versus fre-
quency distribution. This could possibly be used as one of the features in classifying
types of breathing disorders which will be our focus in the future.
3.5.5 Cheyne-Stokes Variant
Cheyne-Stokes variant breathing is similar to Cheyne-Stokes respiration but the
central apnoea stage is substituted by hypo-apnoea. This type of breathing is found
in brain stem lesions as well as in bilateral cerebral hemispheric disease [122]. From
Figure 3.3d, the pattern is similar to Cheyne-Stokes breathing pattern but followed
by a hypo-apnoea scenario where there is a small variation in breathing instead of
a ﬂat signal. Spectral analysis (see Figure 3.4d) shows few peaks and without the
timing information and it is diﬃcult to interpret frequency information. CWT, on
the other hand, provides adequate spectral-temporal information and results show
two dominant frequency bands at 0.4883 Hz and 0.9766 Hz and hypo-apnoea state
lies in the 0.4883 Hz band at the time approximately between (20-40)s, (50-75)s
and (85-100)s.
3.5.6 Dysrhythmic Breathing
This type of breathing is characterised as non-rhythmic breathing with an irregular
rhythm, rate and amplitude. It could be caused by an abnormality in the respiratory
Chapter 3. Respiratory patterns and Deduction of Tidal Volume 69
(a) Central Apnea Breathing (b) Ataxic Breathing
(c) Biot’s Breathing (d) Cheyne-Stokes Variant Breathing
(e) Dysrhythmic Breathing (f) Kussmaul’s Breathing
Figure 3.4: Spectral Density (FFT) and Continuous Wavelet Transform (CWT)
plot
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Figure 3.5: Breathing signal from subject 1
0 10 20 30 40 50 60 70 80 90
−1
0
1
Raw Data of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90
−1
0
1
SGfilter of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90
−20
0
20
Reference : Respiration Belt signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90
−1
0
1
2
Normalize Respiration Belt Versus Normalize Radar Signal
A
m
pl
itu
de
t(s)
Doppler radar signal
Reference belt signal
0 10 20 30 40 50 60 70 80 90 100
−1
0
1
Raw Data of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90 100
−1
0
1
SGfilter of In−Phase Radar signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90 100
−50
0
50
Reference : Respiration Belt signal
A
m
pl
itu
de
t(s)
0 10 20 30 40 50 60 70 80 90 100
−1
0
1
2
Normalize Respiration Belt Versus Normalize Radar Signal
A
m
pl
itu
de
t(s)
Doppler radar signal
Reference belt signal
Figure 3.6: Breathing signal from subject 2
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Figure 3.7: Breathing signal from subject 3
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Figure 3.8: Breathing signal from subject 4
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Figure 3.9: Breathing signal from subject 5
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Figure 3.10: Breathing signal from subject 6
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patterns generator invoked in the brain stem. The results of the pattern can be seen
in Figure 3.3e where the pattern is non-rhythmic variation in rate and amplitude. In
this case the Doppler radar was still able to capture the changes yielding consistent
correlations with the respiration belt readings. Again, it is diﬃcult to approximate
the breathing rate from the spectral representation but with CWT, it is possible
to represent the breathing frequency corresponding to the occurrences in time as
shown in Figure 3.4e. From the results, the dominant frequency is approximated in
the range of 0.4883 Hz.
3.5.7 Kussmaul’s Breathing
This type of breathing is characterised by a regular increased rate and corresponds
to tidal volume patterns consistent with “gasping for air” associated with a severe
metabolic acidosis [9]. Since this type of breathing is considered as almost periodic,
the spectral density shown in Figure 3.4f can be used to represent the breathing
rate approximated at 0.7477 Hz corresponding to 44.9 breaths/min which is quite
accurate from the number of breath count approximated in the Figure 3.3f. CWT
shows that the dominant frequency band is located at the 0.4883 Hz - 0.9766 Hz
band but the results could further be improved with a higher frequency resolution.
3.5.8 Paradoxical Breathing
In certain scenarios such as paradoxical movement between chest and the abdomen
[129–131], it is essential to measure the movement of chest and abdomen at the same
time for further diagnostic of certain respiratory conditions and this is particularly
useful if it can be performed in a non-contact approach. Applying the arctangent
demodulation operation, I and Q output data can be combined as follows:
Rd(t) = tan
−1(
QB(t)
IB(t)
) =
4πx(t)
λ
+Δφ (3.5.2)
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Figure 3.11: Experiment Conﬁguration for respiration measurement (chest and
abdomen)
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Figure 3.12: Parodoxical movement acquired using multiple conﬁguration of
Doppler Radar for experiment 2 (from top to bottom): Filtered Doppler radar
signal from chest and abdomen; Arctangent demodulation of the Doppler radar
signal; Normalized arctangent demodulation Doppler radar signal; and reference
respiration strap signal
With the experiment conﬁguration illustrated in Figure 3.11, two Doppler radar
module were used to capture the respiration signal reﬂected from the chest and
the abdomen of the subject. A subject was instructed to breathe normally while
simulating the occurrence of paradoxical movement between chest and abdomen for
a period of time and the results is shown in ﬁgure 3.12. From the ﬁgure, the subject
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was breathing normally from time t = [0, 17]s while simulating the paradoxical
movement of chest and abdomen from t = [17, 35]s and back to normal breathing
at t = [35, 50]s. Comparing the respiration patterns measured from the Doppler
radar with the reference respiration strap, the paradoxical movement between chest
and abdomen can be identiﬁed using two radar modules conﬁgurations. From the
results shown in Fig. 3.12, looking at the normalized arctangent demodulation
radar signal, at t = [17, 35]s, the signal from the chest is inverted compared to the
signal from the abdomen.
3.5.9 Motion Signature from Doppler radar
To further demonstrate the potential use of CWT, two experiments were performed
where we capture the measurement of breathing signal under the inﬂuence of mo-
tions related to turning of the body and small body movements when in supine
position to reﬂect to any possible events during sleep. The results of the experi-
ments are shown in ﬁgure 3.13. From the time series representation, it is possible to
identify the breathing, apnoea, turning of the body and body movement events with
naked eye but with CWT, this process can be automated in a long term monitoring
analysis especially in sleep studies which involved a large amount of data. Addi-
tionally, using Doppler radar, body movement such as turning of the body could be
identiﬁed from the signature pattern of the signals as shown in the results whereas
this information is not easily available from the respiration belt. This study will
be extended to more subjects in a longer duration data collection exercise in the
future for further evaluation and analysis especially for sleep studies. Moreover,
type of features that can be extracted from CWT will be investigated to assist in
signal analysis and diagnostics.
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Figure 3.13: Mixture of signal characteristic from Doppler radar measurement in
supine position
3.6 Measurement of Volume In (Inhalation) and
Volume Out (Exhalation)
An experiment was conducted to investigate the correlation between the Doppler
radar and spirometer in capturing the respiratory function. For this purpose, few
diﬀerent experimental conditions were designed to investigate the feasibility and
consistency of Doppler radar in obtaining the ﬂow in and out corresponding to the
spirometric measurements. In this experiment, the subject was asked to:
1. Breathe deeply, pause, and continue to breathe deeply
2. Breathe normally followed by deep breaths
3. Breathe deeply followed by normal breathing
The results are shown in Figure 3.14a, 3.14b and 3.15a respectively for each
instance. From the results, the shape of the Doppler radar signal is similar to
the spirometer readings but with an amplitude diﬀerence due to non-calibration.
After calibration, the Doppler radar signals are almost identical to the spirometer
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Table 3.3: Coeﬃcient Comparison on Doppler Radar Signal with Spirometer
Comparison MSE Correlation Coeﬃcient
Experiment 1
Non- Calibrate Radar Signal with Spirometer 0.5867 0.9664
Calibrated Radar Signal with Spirometer 0.1064 0.9664
Experiment 2
Non- Calibrate Radar Signal with Spirometer 1.2306 0.9551
Calibrated Radar Signal with Spirometer 0.1939 0.9551
Experiment 3
Non- Calibrate Radar Signal with Spirometer 0.5023 0.9799
Calibrated Radar Signal with Spirometer 0.0739 0.9799
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Figure 3.14: (a) Filtered radar signal versus spirometer reading; (b) Spirometer
reading; (c) Reference respiration belt signal; (d) Calibrated radar signal; and (e)
Spirometer reading versus calibrated radar signal
readings. Assuming that the shifting of Doppler Radar is caused by the movement
of the chest/belly during respiration, a linear relationship between the change of
ﬂow has been derived based on the Doppler signal. We also see that the Doppler
signal was sensitive enough to detect the diﬀerences in the breathing patterns.
However, a calibration period of approximately 30 seconds is required and this can
be automated.
In all experiments, computation of mean square error (MSE) and correlation
coeﬃcients was performed between Doppler Radar signals and spirometer readings.
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Figure 3.15: (a) Experiment 3: Deep Breaths followed by Normal Breaths: (a) Fil-
tered radar signal versus spirometer reading; (b) Spirometer reading; (c) Reference
respiration belt signal; (d) Calibrated radar signal; and (e) Spirometer reading ver-
sus calibrated radar signal, (b) Scatter Plot between Radar signal and Spirometer
reading: (from top to bottom: Experiment 1; Experiment 2; Experiment 3)
Results show consistently high correlations between the Doppler radar and spirome-
ter as shown in the Table 3.3. The MSE provides a measure of the exact ﬁt between
the Doppler radar signal to the reference model (spirometer data) where Pearson’s
correlation coeﬃcient shows how well the curves are related to each other which is
shown in Figure 3.15b. If the correlation coeﬃcient is one, the Doppler radar tidal
volume would be equal to the spirometer reading and always lie on the red line.
3.7 Summary
Non-contact detection characteristic of Doppler radar provides an unobtrusive means
of respiration detection and monitoring. This eliminates the need to have any phys-
ical attachment or special clothing to the subject especially in long term sleep mon-
itoring/studies - either in a sleep clinic or in home based healthcare applications
(i.e. infant monitoring). Traditional and Widespread contact form of measurements
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such as chest straps and spirometers inevitably aﬀect the natural breathing process
of the subject as well as causing discomfort specially in longer term monitoring.
Therefore, an eﬀective non-contact form of measurement such as Doppler radar is
destined to impact the clinical approaches in respiratory monitoring. Furthermore,
robustness of Doppler radar against environmental factors such as light, ambient
temperature, interference from other signals occupying the same bandwidth, fading
eﬀects, reduce environmental constraints and strengthens the possibility of employ-
ing Doppler radar in long term respiration detection and monitoring applications
such as sleep studies.
This chapter presents an evaluation in the of use of microwave Doppler radar
for capturing diﬀerent dynamics of breathing patterns in addition to the respira-
tion rate. Although ﬁnding the respiration rate is essential, identifying abnormal
breathing patterns in real-time could be used to gain further insights into respira-
tory disorders and reﬁne diagnostic procedures. Several known breathing disorders
were professionally role played and captured in a real time laboratory environment
using a non-contact Doppler radar to evaluate the feasibility of this non-contact
form of measurement in capturing breathing patterns under diﬀerent conditions as-
sociated with certain breathing disorders. Indeed the experiments were performed
by professional role playing of known breathing patterns and not with real patients,
yet the results are encouraging as an alternative to the standard respiratory belt
measuring the same breathing patterns and the results also show that breathing is
not always periodic and therefore purely spectral methods are not adequate.
In addition to that, inhalation and exhalation ﬂow patterns under diﬀerent
breathing scenarios were investigated to further support the feasibility of Doppler
radar to accurately estimate the tidal volume. The results obtained for both ex-
periments were compared with the gold standard measurement schemes such as
respiration belt and spirometry readings, yielding signiﬁcant correlations with the
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Doppler radar based information. Also in sleep studies, diﬀerent type of respiratory
motion will have diﬀerent impact on Doppler radar measurement where studies on
such patterns could eﬀectively be used to analyse other forms of physical movements
during sleep.
Additionally, frequency as a function of time is not the only important metric
that can be extracted from the radar signal, for example; more detailed information
can be obtained through the decomposition of breathing cycles into inhalation and
exhalation components and respiration energy eﬀort deduced from the received
Doppler radar energy. Instead, the CWT is more suited for detailed analysis of
breathing patterns.
Chapter 4
Removal of Motion Artefacts /
Interference from Doppler Radar
based Respiratory Measurements
4.1 Introduction
In the reported literatures, most of the work were focused on obtaining the Doppler
based measurements in a controlled environment where the received Doppler radar
signals were assumed to be entirely due to the movement of the chest/abdomen
from the respiration activity (breathing or apnoea). However, in practice, the re-
ceived signal is inherently composed of other motion artefacts due to random body
movements [92] such as jerking of limbs.
In long terms respiratory function monitoring applications such as sleep studies,
the captured Doppler shifted signal comprised of breathing and cessation periods
that could easily be detected as given in [95,132] - particularly when the subject is
relatively stable and other bodily movements are not present. As the Doppler based
detections entirely rely on the movement of the chest wall for the observation of the
respiratory function, any other body movement - motion artefacts, can adversely
aﬀect the measurements. This can be particularly signiﬁcant when observing sub-
jects with conditions such as periodic limb movement disorder (PLMD) [133–135]
where jerking of the legs or arms during sleep may occur as many as three times a
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minute [136]. Furthermore, any other normal movement of the body during sleep
can completely obscure the breathing signal at least for the duration of the inter-
ference. Having some knowledge of the signal characteristics can provide deeper
insight into the composition of the received Doppler signal that was subjected to
these uncertainties. Therefore, separation or ﬁltering the breathing signal from cer-
tain undesirable motion artefacts is an essential precursor to any form of information
extraction exercise involving respiration data.
In [93], it was shown that Blind Source Separation (BSS) could be used to sep-
arate certain human motion artefacts and the respiratory signal from the received
signal. In a BSS context, it is necessary to have more measurement(m) than the
actual number of sources (n) (i.e m≥n [137]) or in this case distinct measurements
of the undesirable signals. Therefore, the number of receiver antennas needed is
greater than the expected number of sources and this inevitably causes implemen-
tation issues in practical applications of this nature. This also increases the cost
and the complexity of the overall system compelling developers to look at imple-
mentations with one receiver element. This essentially is the case with our proposed
approach as well when dealing with artefacts using DWT approach.
Often, the low frequency content contains most of the essential information and
also the region of interest in many signals [138]. Normal adult breathing, usually
around 12-20 breaths per minute, is considered as a low frequency component in
the spectrum of 0.2-0.33 Hz [96]. This rate varies for babies and for people with
certain breathing conditions, it can often be greater than 20 breathes/min [5,139].
Furthermore, breathing patterns contain more information than the simple respi-
ratory rate as discussed in [9–14]. Thus, analysis of breathing patterns is equally
essential as the respiration rate which emphasize the importance of reconstructing
the patterns from the raw Doppler radar respiration signal that was interfered with
the motion artefacts.
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Typically, in the work of respiration detection using Doppler radar, the re-
searchers are more focused on the extraction of the respiration rate [2,24–26,140,141]
rather than the breathing patterns. As it is also important to acquire the respiration
patterns for a more detailed analysis of a person’s respiration condition, we show
that multi-level decomposition using discrete wavelet transform (DWT) method
performs better than just using a low pass ﬁlter (LPF), i.e. [2, 142, 143] in ﬁltering
out certain motion artefacts/noise from the desired breathing signal.
Typically, a complete breathing cycle consists of inhalation and exhalation states
accompanied by a pause as described in [84]. Breathing rates are predominantly
calculated independent of the inhalation to exhalation time ratio (I:E) for each
breathing cycle. Thus, the respiration rate alone is inadequate in gaining more in-
formation about the respiratory function (for e.g. I:E time ratio) as breathing could
be asymmetrical [100]. By reconstructing the respiration patterns and decompos-
ing the breathing cycles into each inhalation and exhalation components, a more
detailed analysis such as time and amplitude representation for each components
can be derived, potentially to be used to diagnose certain respiration conditions
(i.e. shallow or deep breathing, and etc.). Therefore, ﬁltering out the motion
artefacts/noise from the received signal and extracting the actual breathing pat-
tern/signal is vital in obtaining an accurate respiration pattern.
Two diﬀerent types of method are proposed to isolate or to suppress the arte-
facts and interferences from the Doppler radar based respiratory measurements.
As our goal is to recover the respiration patterns, we demonstrate that the distur-
bances due to movements of the human body considering only one single subject
in the environment can be ﬁltered out using multi-level DWT or the combination
of empirical mode decomposition with source separation technique (EMD-ICA) by
using a single receiver element. Two diﬀerent algorithms will be discussed in the
following section.
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4.2 Monitoring Respiration using Doppler Radar
In the past few decades, diﬀerent types of radar system structures have been pro-
posed for non-contact respiratory function detection and continuous monitoring.
Due to simplicity and high level of integration, a direct conversion Doppler radar
(homodyne radar system) is considered [92] for this application. In respiration
detection using Doppler radar, the Doppler shift is due to the movement of the
chest/abdomen during respiration. In a non-contact Doppler radar, a transmitted
monotone signal is modulated by the movement of the chest/abdomen wall (due to
the breathing activity) to a frequency proportional to the radial velocity [144].
Under the inﬂuences of random body motion and hardware imperfection, the
resulting I and Q (equation 1.2.15 & 1.2.16) components discussed in Chapter 1.2.7
can be further represented as
I(t) = cos(θ +
4πx(t)
λ
+ rm(t) + Δφ(t)) +NI , (4.2.1)
Q(t) = sin(θ +
4πx(t)
λ
+ rm(t) + Δφ(t)) +NQ, (4.2.2)
where Ni and NQ refer to the dc oﬀsets and rm(t) is the interference resulting from
the random body movements, i.e jerking of limbs or movement of the body. The
aim of this chapter is to minimize/ﬁlter oﬀ the rm(t) components from the radar
signals to recover the respiration patterns.
4.3 Artefact removal via Discrete Wavelet Trans-
form
4.3.1 Low Pass Filtering (LPF)
As mentioned in [9], the temporal pattern is essential in addition to the respiration
rate and naturally provides information pertaining to breathing anomalies that
allows medical researchers to progress in a number of research directions. The
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breathing rate can be estimated from the LPF output using Fast Fourier Transform
(FFT) while the shape of the breathing curve does not reﬂect real breathing patterns
if it is altered by large motion artefacts as shown in LPF signal in ﬁgure 4.6 and
ﬁgure 4.7. In contrast, if the Doppler return signal due to breathing activity is not
aﬀected by any motion artefact, LPF could be performed eﬀectively as shown in
Figure 4.8. Referring to [2], the proposed LPF employed to process the Doppler
received signal is a 600 order Kaiser window FIR (ﬁnite impulse response) with
β = 6.5 and a cut-oﬀ frequency of 1.0 Hz to account for the normal and abnormal
respiratory conditions.
Additionally, we have also evaluated the performance of diﬀerent types of meth-
ods in LPF in ﬁltering oﬀ the motion artefacts/noises (dataset from experiment(1-
3)). The performance of each method is shown in Table 4.1. We focused more on
the use of the Discrete Wavelet Transform (DWT) which yielded a better result in
terms of artefacts removal/identiﬁcation as well as the recovery of the respiration
patterns which will be discussed in the next section. All the results discussed in
Section 4.3.4 will be based on the comparison between DWT and LPF proposed
in [2].
4.3.2 Discrete Wavelet Transform (DWT)
As discussed by John et al. [145], wavelet analysis has received signiﬁcant attention
especially among the signal and image processing communities. Wavelet transfor-
mation has been widely used in numerous applications as discussed in [146, 147]
while the underlying principles are described in [148]. In the wavelet transforma-
tion, the original time domain is transformed to the time-scale domain where a
given signal is decomposed into several types of other signals with varying levels of
resolution [149].
In the one dimensional discrete wavelet transform described in terms of a ﬁlter
bank is shown in ﬁgure 4.1. The input signal S(n) is fed into the LPF (low pass
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ﬁlter) h0(n) and the HPF (high pass ﬁlter) h1(n). It is down sampled by a factor of
two where the output of the LPF consists of the approximation coeﬃcient cA while
the output of the HPF consists of the detail coeﬃcient cD. In the reconstruction of
the signal, up-sampling by a factor of two followed by a low pass g0(n) and a high
pass g1(n) synthesis ﬁlter [145]. Considering a perfect reconstruction property, the
output of the synthesis ﬁlter y(n) can be represented by y(n) = Ax(n− nd) where
A is the gain factor and nd is the odd delay [145].
As for multi-level decomposition using wavelet transformation, the input signal
s(n) feeds through a few layers of ﬁlters as shown in Figure 4.1 (b). As this involved
multi-level decomposition, approximation coeﬃcient cA1 serves as the input at the
second level ﬁlter bank where the analysis stage is depicted in Figure 4.1(a). Based
on the number of levels (L) of decomposition, the process is iteratively repeated
with reference signal of cAL(n) and detail coeﬃcient of cDL(n), cDL−1(n), ...cD1(n).
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Figure 4.1: (a) One Dimensional Filter Bank for Wavelet Transformation; (b) Multi-
level(Three-level) transformation
Typically, DWT employs a dyadic grid that consists of integer power of two
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scaling in a and b, zero redundancy and having orthonormal wavelet basic functions
[150]. In practice, the transform integral remains continuous in DWT but is only
derived on a discretised grid of a scales and b locations which has the form of:
ψm,n =
1√
am0
ψ(
t− nb0am0
am0
), (4.3.1)
where m and n control the wavelet dilation and translation respectively, a0 is a
speciﬁed ﬁxed dilation step parameter (value>1) and b0 is the location parameter
(value>0). Using a0 = 2 and b0 = 1, the dyadic wavelet transform of signal s(t) is
given as follows:
DWT s(m,n) = 2
−m
2
∫ ∞
−∞
s(t)ϕ ∗ (t− 2
mn
2m
)dt, (4.3.2)
where m and n are scale and time shift parameter respectively, ∗ is the complex
conjugate and ϕ(t) is the given basis function (mother wavelet). As shown in Figure
4.1, generally, the output of the low pass ﬁlter is known as wavelet approximation
(scaling) coeﬃcient cAm and the output of the high pass ﬁlter is called wavelet
detail (wavelet) coeﬃcient cDm. The approximation and the detail coeﬃcient at
the ﬁrst level can be denoted as,
cA1[n] =
∞∑
−∞
ld[k]x[2n− k], (4.3.3)
cD1[n] =
∞∑
−∞
hd[k]x[2n− k], (4.3.4)
while at the mth level, it can be represents as follows:
cAm[n] =
∞∑
−∞
ld[k]cAm−1[2n− k] (4.3.5)
cDm[n] =
∞∑
−∞
hd[k]cAm−1[2n− k]. (4.3.6)
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The taps of the high-pass ﬁlter hd and the low pass ﬁlter ld are derived from
the scaling and wavelet function of a chosen mother wavelet family, i.e Daubechies,
Haar, Coiﬂets. In this experiment, we have explored the use of the Daubechies
(Db10) mother wavelet in twelve levels of decomposition and the approximation of
the breathing signal shows high level of correlation at the 9th level in comparison
to the respiration belt (respiband).
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Figure 4.2: Evaluation of MSE and Corr for Diﬀerent wavelet level using Db10
The analysis and the reconstruction of signal would be based on the approxima-
tion coeﬃcient obtained from level-9 (Db10) as we observed that the reconstructed
signal at this level yielded a higher Pearson correlation coeﬃcient (Corr) and a
lower mean square error (MSE) as depicted in Figure 4.2 for all the experiments
dataset. As for the detail components, the ﬁltered artefacts/noises were observed
to be present at level 6 and above. Therefore, throughout this chapter, detail com-
ponents at wavelet level-6 were used to represent the artefacts’ signatures as the
main focus of this chapter was on the recovery of the respiration signal from the
noisy radar signals.
Additionally, Daubechies (Db10) was chosen as the mother wavelet due to a
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Figure 4.4: Environment Setup for Supine Position
better performance compared to other wavelet families. Using one of the datasets
acquired in the experiment, the performance were evaluated using MSE and Corr
from the reconstructed signal in comparison to the reference respiration strap. The
results are shown in Figure 4.3. Wavelets used in these comparison studies includes
Daubechies (Db), Haar, Symlets (Sym), BiorSplines (bior), ReverseBior (rbior),
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Figure 4.5: Environment Setup for Seated Position
Dmeyer (dmey), and coiﬂets (coif). Overall, Db10 shows to have a better Corr and
a lower MSE.
4.3.3 Experiment Setup
No ﬁlm recordings of subjects were made in this study. The measurement of hu-
mans respiration using non-contact Doppler radar was approved by the Faculty of
Science and Technology Ethics Sub-Committee Human Ethics Advisory Groups,
Deakin University and all the participants provide their written informed consent
to participate in these experiments.
A Doppler radar module [128] transmits a 2.4 GHz continuous wave at 0 dBm
(1mW) and was attached to two panel antenna elements at the transmitter and
receiver. A NI-USB6009 DAQ (data acquisition module-with sampling rate of 1000
Hz) was attached to the radar module from where the received signals were pro-
cessed further in a MATLAB environment. Experiment 1-4 were performed on the
subjects in a seated posture as shown in Figure 4.5 while experiment 5 was per-
formed on a subject is a supine position at a distance of about one metre from the
antenna. The panel antenna was focused on to the chest/abdomen of the subject
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to capture a more reliable Doppler signal with a higher signal to noise ratio (SNR).
The subjects were wearing normal clothing and the external respiband (ADInstru-
ments - MLT1132 Piezo Respiratory Belt Transducer with sampling rate of 1000
Hz) was attached to chest as the reference system for comparison purposes.
The subjects were asked to breathe normally along with some designated motion
artefacts such as jerking of upper right limb and small body movement as follows:
1. Experiment 1: Mixture of breathing, apnoea and movement of the upper limb
(jerking of right arm).
2. Experiment 2: Mixture of breathing and movement of the upper limb (swing
of the person’s right arm).
3. Experiment 3: Mixture of breathing and small movement of the body (created
from moving the shoulder forward and backward).
4. Experiment 4: Normal breathing activity with minimal motion artefacts .
5. Experiment 5: Mixture of breathing and movement of the upper limb (jerking
of right arm) while in a supine position.
Furthermore, based on the speciﬁc application, location of the antenna around
the body could be used to improve the SNR and hence the analysis of breathing
function. Here, we do not investigate this aspect as the main focus is on ﬁltering
out certain types of motion artefacts from the breathing signal using multi-level
DWT. The underlying concepts are independent of any possible optimisations in
receiver conﬁgurations for signal conditioning and can readily be implemented in
conjunction.
4.3.4 Experimental Results and Discussion
The data captured covers diﬀerent dynamics due to diﬀerent breathing pattern ex-
periments with motion artefacts as listed in Section 4.3.3. Figure (4.6-4.11) depicts
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the results of the experiments conducted showing the comparison of the performance
of DWT and LPF [2] with the reference respiration strap.
Table 4.1: Evaluation of DWT approximation component and FIR LPF output
signal in comparison to Respiration Belt Signal
Parameter Experiment 1 Dataset Experiment 2 Dataset Experiment 3Dataset
Method order Others MSE Corr MSE Corr MSE Corr
LPF FIR Kaiser window 600 fc=1 Hz; $\beta$=6.5 0.1501 0.5482 0.1050 0.7940 0.0421 0.8566
LPF FIR Gaussian window 600 fc=1 Hz; $\alpha$=2.5 0.1485 0.5509 0.1038 0.7956 0.0421 0.8570
LPF FIR Least-square ﬁlter 600 fc=1 Hz 0.1296 0.5825 0.0931 0.8139 0.0419 0.8617
LPF FIR Blackman window 600 fc=1 Hz 0.1536 0.5420 0.1081 0.7873 0.0422 0.8555
LPF FIR Bartlett window 600 fc=1 Hz 0.1457 0.5556 0.1017 0.7997 0.0420 0.8578
LPF FIR Hamming window 600 fc=1 Hz 0.1467 0.5541 0.1024 0.7986 0.0420 0.8575
LPF FIR Hanning window 600 fc=1 Hz 0.1495 0.5491 0.1046 0.7948 0.0421 0.8567
LPF FIR Blackman-Harris window 600 fc=1 Hz 0.1576 0.5352 0.1119 0.7795 0.0424 0.8542
LPF FIR Chebyshev window 600 fc=1 Hz 0.1593 0.5061 0.1711 0.7350 0.0449 0.8482
Wavelet Daubechies (Db10) Level 9 Approximation 0.0335 0.9017 0.0725 0.8834 0.0408 0.9136
In experiment 1, a mixture of breathing, apnoea and motion artefacts were
present as shown in Figure 4.6. Due to the higher level of sensitivity in Doppler
radar, when the breathing signal is aﬀected by motion artefacts (jerking/movement
of right arm), a normal breathing pattern (see Figure 4.9) is no longer visible in the
received signal. Using the DWT approximation component of the signal at level-
9, the breathing signal was recovered by ﬁltering out the motion artefacts due to
the jerking of arms which can clearly be observed in the detail component (DWT)
at level-6. The approximation signal is 91% identical to the reference respiration
strap and has the MSE (mean squared error) of 0.0335. Evaluation was based
on normalised signals (DWT and the reference respiration strap) and therefore
independent of the captured amplitude of the signals. Further, by just using LPF
as shown in the LPF signal output, the shape of the curve is still aﬀected by the
motion artefacts compared to the approximated (DWT) signal as shown in the last
subﬁgure in Figure 4.6 where the performance of the comparison is listed in Table
4.1. From these observations, we can clearly see that the local maxima and minima
from the approximation signals were quite close to the reference respiband. This
also conﬁrms the validity of the cycle by cycle variation (including the approximation
of I:E ratio).
Chapter 4. Removal of Motion Artefacts / Interference ... 92
10 20 30 40 50 60 70 80 90 100 110 120
−1
−0.5
0
0.5
1
Signal Mixture of hand movement and breathing from Radar
A
m
pl
itu
de
10 20 30 40 50 60 70 80 90 100 110 120
−1
−0.5
0
0.5
1
Approximation of mixture from Decompositon using Wavelet−level 9
A
m
pl
itu
de
10 20 30 40 50 60 70 80 90 100 110 120
−0.2
−0.1
0
0.1
0.2
Details component of the mixture from Decompositon using Wavelet−level 6
A
m
pl
itu
de
10 20 30 40 50 60 70 80 90 100 110 120
−2
−1
0
1
2
Normalized Respiration belt signal and Approximation Breathing Signal from Wavelet
Time (s)
A
m
pl
itu
de
Approximation Component(DWT)
Reference Respiration Belt
LPF signal output
Figure 4.6: Experiment 1: Analysis of DWT of signal mixture of breathing, apnoea
and jerking of the hand
In experiment 2 as shown in Figure 4.7, a mixture of breathing and motion
artefacts were present. From the received raw data, we can see that there are two
diﬀerent motion artefacts in term of strength and frequency aﬀecting the breathing
curve labelled as 1 and 2. Using DWT at level-9, an approximation of the breathing
signal was recovered while the motion artefacts and noise were visible in the detail
component at level-6 similar to experiment 1. Nevertheless, other detail components
at diﬀerent level are as depicted in ﬁgure 4.10. There are two time durations,
t[38,60]s and t[70,105]s that consists of movements details as depicted in the ﬁgure.
If we were to sum up the detail component from level 5 to level 9, we can clearly
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Figure 4.7: Experiment 2: Analysis of DWT of signal mixture of breathing and
swing of the person’s right arm
see two diﬀerent movements artefacts where the later has small amplitude but
with higher frequency compared to the former one. This is due to two diﬀerent
characteristic shown in the arm’s swing during the experimental trial. In the future,
each of the level that signify diﬀerent artefacts signature will be thoroughly studied
as it may be related to another physiological phenomenon.
Referring to Table 4.1, the approximation of breathing signal from DWT is
88% identical and has a smaller MSE compared to the LPF breathing signal in
comparison to the reference respiration strap. The extracted detail components
can be used to indicate the presence of motion which is particularly useful in sleep
studies. Moreover, more information could be derived from this signature, e.g, the
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Figure 4.8: Experiment 3: Analysis of DWT of signal mixture of breathing and
small body movement
time information on this occurrences or the number of times this event occurs. All
these information can be obtained from DWT analysis from a non-contact sensing
approach.
Furthermore, as shown in Figure 4.8, for small movements of the body (such
as moving the shoulder forward and backward), LPF and multi-level DWT were
eﬃcient in recovering the breathing signal but DWT gives a better performance
compared to LPF as shown in Table 4.1. If the breathing signal is free from motion
artefacts, the approximation components of breathing activities can clearly be seen
at level-9 while the detail component would not have any observable signal present
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Figure 4.9: Experiment 4: Analysis of DWT of Normal breathing signal
as shown in Figure 4.9.
As discussed in [2, 24–26, 95], respiration rate could be estimated simply by
performing FFT on the signals. We have used data from the experiment 2 to
show the diﬀerence in the spectrum for each signal output from Doppler radar,
DWT, LPF and reference respiband. In addition to estimating the breathing rate
accurately from the occurrences of the peaks ( breathing rate at 0.2441 Hz or 14.6
breaths/min as shown in Figure 4.11 deduced from multi-level DWT analysis), the
breathing patterns have also been recovered and the temporal functions have a high
degree of correlation to the reference respiration belt which is the main aim of this
chapter. Using the reconstructed respiration patterns, we can further derive the
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Figure 4.10: Details component noise from DWT Analysis for Experiment 2 Dataset
Table 4.2: Performance Evaluation on 5 additional subjects with diﬀerent motion
artefacts
DataSet 1 DataSet 2
DWT LPF-Kaiser DWT LPF-Kaiser
Subject Type of artefacts MSE Corr MSE Corr MSE Corr MSE Corr
1 small body movement 0.0682 0.8791 0.0724 0.8704 0.0870 0.7420 0.0946 0.7223
2 Both hand swing 0.0563 0.8781 0.1487 0.6930 0.0233 0.9550 0.1009 0.8690
3 Right arm swing 0.0334 0.9258 0.0690 0.8121 0.0232 0.9136 0.0378 0.8629
4 Left hand swing 0.0414 0.9140 0.0603 0.8545 0.0354 0.9549 0.0593 0.8923
5 Head Motion 0.0502 0.8912 0.0596 0.8829 0.0419 0.9177 0.0503 0.9079
inhalation to exhalation time ratio from the local maxima and minima of the curve
as well as other parameters, i.e respiration disorder [9–11].
Another trial was conducted with the subject in a supine position and the re-
sults was shown in Figure 4.12. The subject was asked to breathe normally and
create some motion artefacts with some movements from the right arm occasionally
within a time span of 6 minutes. There were three jerking events that corrupted
the breathing signals which is marked with the box where the detail components
further highlighted the occurrence of such disturbance as shown in the Figure 4.12.
The decomposition results from DWT (correlation of 0.9870) recovers the breathing
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Figure 4.11: Spectrum Analysis using FFT for Experiment 2
signal as shown in the ﬁgure and the spectrum analysis for all (approximation com-
ponent, LPF output signal, and raw data(I signal)) shows the same peak at 0.1659
Hz which corresponds to 9.954 breathes/min. Trials with two diﬀerent orientations
were performed to further establish the feasibility and robustness of Doppler radar
in detecting and monitoring of breathing in various types of applications ranging
from sleep monitoring to diagnostics and rehabilitation.
Additionally, two more datasets were collected from ﬁve other participants
demonstrating speciﬁc motion artefacts while breathing normally and the results are
shown in Table 4.2. In these experiments, we evaluated the performance between
the DWT and the LPF [2] methods in comparison with the reference respiration
strap using mean square error and Pearson correlation coeﬃcient. Several diﬀerent
motions were experimented as depicted in Table 4.2. Overall, the DWT method
performs better than the LPF in terms of MSE and correlation coeﬃcient as well
as the reconstructed respiration patterns.
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jerking of the hand in Supine position
4.4 Artefact Suppression via EMD-ICA
4.4.1 The Proposed System Architecture
The overall signal processing approach is shown in ﬁgure 4.13. Here, we used
EMD in combination with fastICA for source separation using a single channel for
measurements. Multiple channel signals h or IMFs formed by the EMD process
are passed into the fastICA source separation algorithm and approximate entropy
(ApEn) is used as the quantitative measure in selecting the relevant IMFs (pre-
ﬁltering for IMFs that purely corresponds to noise - stage 1). Subsequently (stage
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2), at the source separation stage, the sources deemed to be motion artefacts are
identiﬁed using approximate entropy estimation where the corresponding columns S˜
are assigned to zero. From the un-mixing matrix of W−1, the remaining respiration
sources were then recovered which are expected to be free from motion artefacts.
Lastly, the respiration signal is reconstructed by simply adding all the corresponding
IMFs.
Raw Data from 
Doppler radar 
measurements (I/Q)
DC offset 
Compensation 
Arctangent 
Demodulation, x(t)
Reference 
respiration 
strap signal
EMD → hi(t)Approximate Entropy,   
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Entropy, ϑ
F: Estimated 
Respiration Signal
Reconstruction 
Discard Noise>αe
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> αf
Stage 1Stage 2
< αe
FApEnW
EApEnW
Figure 4.13: Signal Processing ﬂow
4.4.2 Raw Data Processing
The received I and Q signals were sent to the data acquisition module where it is
then re-calibrated to eliminate DC oﬀsets using the curve ﬁtting technique in [151].
Subsequently, the I and Q signals are recombined using arctangent demodulation
and further analysed using EMD-ICA approaches.
4.4.3 EMD-ICA
Empirical mode decomposition (EMD) [152–154] was ﬁrst detailed in 1998 speciﬁ-
cally for non-linear signal processing as well as for non-stationary data distributions.
The algorithm actually decomposes a time series into multiple modes known as in-
trinsic mode functions (IMF). Given the arctangent signal of radar denoted by
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xarc(t) as shown in equation 3.5.2, take c0(t) = rj(t) and let cK satisfy the standard
deviation condition [153]
T∑
t=0
[
(cK−1(t)− cK(t))2
c2K−1(t)
] < 	, (4.4.1)
where cn(t) = cn−1−mn(t), mn(t) = Un(t)+Ln(t)2 with Un(t) and Ln(t) are the upper
and lower envelope of cn(t). h0(t) = 0, r0(t) = xarc(t), Now we take hj+1(t) = cK(t).
rj+1(t) = rj(t)− hj+1(t).
The shifting process steps are then repeated till the residual rj+1(t) becomes
a monotonic/constant function. The original arctangent signal of radar can be
reconstructed by summing up all the IMFs given as x(t) =
∑N
i=1 hi(t) + rN(t).
The whole process is summarized as follows:
1. Given xarc(t) as the arctangent signal
2. Identiﬁcation of all extrema of respiratory time series signal xarc(t).
3. All the local maxima are interpolated using a cubic spline creating an upper
envelope Un(t) while same procedure is applied to the local minima to form
the lower envelope Ln(t).
4. Computation of the mean value (mn(t)) of the maxima (Ln(t)) and minima
(Un(t)) envelope; mn(t) = (Ln(t) + Un(t))/2.
5. Extraction of detail cn(t) = cn−1(t)−mn(t).
6. The resulting component of cn is an IMF if it satisﬁes the condition stated
in [153] which are themn(t) must close to zero and the number of extrema and
the number of zero crossing diﬀer at most by 1. Thus, Huang et.al. proposed
the stopping criterion by limiting the size of the standard deviation, SD from
two consecutive sifting results denoted as SD =
∑T
t=0[
(cn−1(t)− cn(t))2
c2n−1(t)
] < 	
where 	 is the tolerance level.
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7. Thus, the corresponding cn becomes the ﬁrst IMF, denoted as h1. The ﬁrst
residual r1(t) = r0(t)− h1(t).
8. The shifting process (iteration from (2)-(5)) steps are then repeated till the
residual rj+1(t) becomes a monotonic/constant function.
Independent component analysis (ICA) is a blind source separation (BSS) tech-
nique used in separating mixed signals into their independent constituent sources
[155]. ICA is used to ﬁnd the un-mixing matrix W , which is used to approximate
the unknown independent source, S˜ = Wh where h is the matrix of the selected
IMF (via ApEn). In this work, we have performed the source separation using
fastICA. FastICA is a scheme that is based on ﬁxed-point iteration to separate the
underlying sources from a given set of measurements by computing their maximum
of the non-Gaussianity, wTh [155].
In estimating several independent components (IC), the basic form of one unit
fastICA is extended using several weight vectors wi, i = 1, 2...n where the output of
wT1 h, ..., w
T
nh need to be decorrelated to prevent vectors from converging to the same
maxima, i.e using Gram-Schmidt orthogonalization for the decorrelation. When the
p IC or p−vectors w1, ..., wp were estimated, one unit FastICA is performed for wp+1
and after each iteration, the projections of wTp+1wjwj, j = 1, ..., p of the previously
estimated p vectors are subtracted from wp+1 and renormalized. The complete
process can be represented as
wp+1 = wp+1 −
p∑
j=1
wTp+1wjwj, (4.4.2)
wp+1 = wp+1/
√
wTp+1wp+1 (4.4.3)
4.4.4 Approximate Entropy (ApEn)
As deﬁned by Shannon [156], the entropy of a system denotes a measure of uncer-
tainty about its actual structure. In information theory context, Shannon’s function
Chapter 4. Removal of Motion Artefacts / Interference ... 102
i as based on the concept that the gain from an event is inversely proportional to
its occurrence’s probability. Approximate entropy is introduced as a quantiﬁcation
of regularity and complexity measures in time series data that is used to quantiﬁes
the unpredictability of ﬂuctuations in a time-series instances [157].
We use ApEn generally as a component selector. ApEn measure quantiﬁes the
proximity of patterns within each window (size m observation). Patterns close in
this sense remains close on subsequent comparisons [157]. Here, higher likelihood
denotes regularity and smaller value of ApEn and conversely. The two input param-
eters, namely m and r must be designated for approximate entropy computations
where m is the length of the compared runs and r is the eﬀectivity ﬁlter.
Given N data points {u(i), ..., u(N)}, a sequence of vectors x(1)...x(N − m +
1) can be constructed where x(i) = [u(i), u(i + 1), ..., u(i + m − 1)], i.e using m
consecutive values of u with the starting point at i. Taking the distance d[x(i), x(j)]
as the Euclidean distance (L2 norm) between the two vectors x(i) and x(j), for
i, j  N−m+1, let A = {j : d(x(i), x(j)  r}. Then Cmi (r) = ‖A‖/(N−m+1) [157]
measure the regularity to a tolerance value, r, or on the frequency similarity of
patterns to a given pattern of window length, m. Approximate entropy, ApEn is
given as
ApEn(m, r) = limN→∞[Φm(r)− Φm+1(r)], (4.4.4)
where Φm(r) = (N − m + 1)−1∑N−m+1i=1 ln(Cmi (r)) with ln denoting the natural
logarithm.
Now we compute the approximate entropy, ApEn for IMFs (ApEnEτ (m, r)) as
well as for each estimated source components (ApEnFτ (m, r)). Here τ ∈ [1, · · · , a]
for ApEnEτ (m, r) and τ ∈ [1, · · · , b] for ApEnFτ (m, r) corresponds to the instances
of IMFs and estimated sources respectively with a and b denoting the number
of components in each decomposition. After estimating ApEn, the selection of
the appropriate components of IMFs (or estimated sources) are based on selecting
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appropriate thresholds αe and αf as shown in equation 4.4.5. The respective value
of the αe and αf are easily determined by relevant applications which specify trails
and are discussed in section 4.4.6.
ϑE = {τ : ApEnEτ < αe}
ϑF = {τ : ApEnFτ < αf}. (4.4.5)
4.4.5 Signal Reconstruction
Reconstruction of respective source signals were conducted by following the reverse
process to the aforementioned decomposition. We calculate h = W−1Sˆ and sum all
the relevant h (IMFs) and obtain the reﬁned respiratory pattern. Here, in selecting
Sˆ, we set the ith (i ∈ ϑ˜F ) row of S˜ to zeros to ensure only the selected sources
are accounted. In applications where the information of artefacts are useful, for
instance sleep and behavioural studies, the artefacts can be reconstructed using
the same procedure by selecting the relevant sources. This can potentially provide
information on the type, severity and also the frequency of such moments of interest.
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Figure 4.14: Doppler radar Measurements for seated data
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Figure 4.15: Doppler radar Measurements for supine data
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Figure 4.16: Reconstructed breathing
4.4.6 Experimental Results and Discussion
We evaluated the performance of the proposed method via two experiments. Both
experiments are similar in terms of subjects exhibiting jerking movement while
breathing normally and the variation was due to seated or supine position. The
experimental results are shown in ﬁgure 4.14 and ﬁgure 4.15 for seated and supine
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Figure 4.17: Variation impact of αf to the reconstructed respiration signal in com-
parison to respiration strap in terms of mean square error (MSE) and correlation
coeﬃcient (Corr)
positions respectively. Using the captured Doppler data, multi-channel IMFs were
created in the ﬁrst stage (EMD), from a single measurement channel. In the pre-
ﬁltering stage, a selection of decomposed channels were characterised via approx-
imate entropy so that the channels corresponded to a lower approximate entropy
were chosen as shown in the ﬁgure 4.15(a). Later, the selected channels were used
as inputs to fastICA for the source separation process where the approximate en-
tropy is used to select the appropriate respiration signal as shown in ﬁgure 4.15(b).
Indeed, components with lower values of the entropy is of interest in constructing
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the reﬁned respiratory signal.
In the experimental evaluation of stage one (creation of multichannel signals
via EMD), the chosen αe value is 0.025 and irrespective of the subject posture
(seated or supine). The constant 0.8e-3 is used for αf for the second stage (ICA).
The corresponding sources are then reconstructed into desired respiration patterns
as shown in ﬁgure 4.15(c)(b). Further, the graphical description in ﬁgure 4.17
illustrates variation of the reconstructed respiratory waveform in comparison (in
terms of MSE and Correlation coeﬃcient) to the variations from the respiratory
straps(bench mark) against the cumulative summation of the components. The αf
value is chosen so that the appropriate number of components are included based
on the ApEn. From the graphs representing the datasets acquired from the seated
and supine position, it is clear that by selecting the number of components below a
certain ApEn thresholding value ( i.e αf value of 0.8e-3), a highly correlated (lowest
MSE) reconstruction can be achieved in comparison to the reference respiration
strap.
The same process is followed in reconstructing the artefact signatures as shown
in ﬁgure 4.15(c)(c). The ﬁltered respiration pattern achieved a high degree of
correlation (a factor of 0.9798) and a mean squared error of 0.01 in comparison
to the respiration strap reference signal. As for the measurements conducted in
the seated position, the correlation factor was 0.9366 with a mean squared error of
0.0023 compared to the respiration strap.
4.5 Summary
Microwave Doppler radar has received considerable attention as a non-contact form
of measuring human respiration; in particular for long term monitoring. One of the
main challenges in converting this into a viable application is to suppress or separate
the artefacts and other interfering signals from the desired respiration signal using a
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less complex and practically feasible design for regular and potentially real time use.
Existing systems either require complex experimental setup or multiple Doppler
radar modules to achieve this.
Two diﬀerent approaches were investigated for this purpose. The use of DWT in
tackling this problem deemed promising as the reconstructed respiration patterns
from approximation components for various types of scenarios are highly correlated
with the ground truth measurements. At the same time, the isolated artefacts
can be identiﬁed from the DWT components which could be particularly useful
in certain sleep studies. On the other hand, a diﬀerent approach based on EMD-
ICA and approximate entropy has been carried out for the same purpose. Using
this approach, although the reconstructed respiration patterns consists some of
the artefact components, the signal is still considered closely correlated with the
respiration strap. At the same time, it also allows the reconstruction of the artefact
signatures.
It is observed that the use of DWT almost remove all the artefact from the
measurements while the use of EMD-ICA tends to suppress the noise from the mea-
surement. Albeit the reconstructed respiration patterns from DWT outperformed
EMD-ICA, a proper selection of mother wavelet and a certain of decomposition are
required for optimal performance. On the contrary, the use of EMD-ICA does not
require any prior selection where the whole process is automated with the use of
approximate entropy. Thus, depending on the needs of the application, two diﬀer-
ent approaches can be implemented without inducing additional complexity to the
receiver architecture. Further to this, future work will includes automated selection
of appropriate parameters for DWT approach and investigation of using semi blind
source separation in EMD-ICA for a better artefact removal/separation outcomes.
Chapter 5
Separation of Doppler Radar
based Respiratory Signatures
from Multiple Subjects
5.1 Introduction
Most of the reported results focused on obtaining non-contact respiration measure-
ments for a single subject. In many practical applications, the received signal can
easily be adversely aﬀected when there is more than one subject present in the
immediate neighbourhood; especially in a home based, long term monitoring ap-
plication where the subjects share a bed with the partner. Thus, it is necessary to
take this case into account for the Doppler radar system to be able to consistently
measure the relevant respiratory signatures when subjected to multiple competing
signals. In certain earlier work of source separation in Doppler radar signal pro-
cessing, Alexander et al. [93] have demonstrated the use of real analytical constant
modulus algorithm (RACMA) to separate certain human body motions and the
respiratory signal from the received signals. The results reported in that work used
the wider frequency range of the motion artefacts compared to the targeted nor-
mal breathing frequency to clearly identify two distinct sources present when the
experiment was conducted under normal breathing conditions.
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Furthermore, Olga et al. [85] demonstrated the use of single and multiple an-
tenna systems (SIMO/MIMO) in sensing multiple subjects using Doppler radar.
Here, the experimental results indicated that it is possible to separate respiratory
sources through multiple antenna conﬁguration schemes albeit the experiment con-
sidered only the continuous breathing of subjects and the signal analysis was entirely
based on the Fast Fourier transform (FFT). This is unlikely in the case for a number
of potential applications where abnormal breathing patterns, for instance, apnoea
symptoms are present and hence FFT analysis is no longer suitable to represent the
respiration signal state [102,158]. Therefore, it is also vital to analyse the subject’s
respiration patterns along with the respiration rate [9]in the presence of possible
abnormal breathing patterns.
Initially, in this chapter, mixed normal breathing signals from two subjects at
diﬀerent respiratory frequencies were simulated. Then, we demonstrated the capa-
bilities of the fastICA algorithm in separating the simulated baseband respiratory
sources and evaluated the performance against the former FFT based approach as
well as the comparison on the distinct signal patterns. In reality, the mixing could
be diﬀerent from the simulation, thus, we ﬁrst explore the use of multiple Doppler
radar modules in acquiring the respiration signals from two subjects and performed
the fastICA algorithm on the mixed signal to further evaluate the eﬀectiveness of
the separation algorithm. We also extended the analysis to consider a mixture of
signals composed of normal and abnormal breathing patterns as listed in section
5.3. In this work, for simplicity, we performed the experiments using two subjects
for each scenario.
The remainder of this chapter is organized as follows: Section 5.2 provides the
theoretical background relevant to Doppler radar in measuring respiratory function
including the derivation of the mixed respiration signal model involving multiple
subjects. Section 5.2.2 describes the separation algorithm fastICA implemented
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with the mixed received Doppler radar signals and Section 5.3 describes the exper-
imental mechanism employed for data acquisition for multiple respiratory sources
as well as for artefact removal. Section 5.4 discusses the performance of the source
separation algorithm on the simulated baseband signals and on the real practical ex-
perimentation involving the two diﬀerent cases of breathing scenarios. Concluding
remarks are given in Section 5.6.
5.2 Background
5.2.1 Respiration Sensing Using Doppler Radar
Referring to Chapter 1.2.6, in respiration detection using the microwave Doppler
radar, the occurrence of Doppler shift is caused by the movement of the abdomen,
x(t) and this eﬀect can be observed from the modulated reﬂected signal as a phase
representation. The phase modulated signal is proportional to the time varying
chest displacement. In a homodyne Doppler radar system, a monotonic source of
electromagnetic wave is transmitted continuously and can be represented as
T (t) = Acos(2πf0t) + φ(t), (5.2.1)
where A, f0 are the amplitude and frequency of the transmitted signal respectively.
φ(t) is the arbitrary phase noise of the signal source. In a single subject environment,
the phase modulated signal at the receiving end with a nominal distance d0 caused
by the movement of the abdomen during respiration activities can be expressed as
R(t) ≈ cos(2πf0t− 4πd0
λ
− 4πx(t)
λ
+ φ(t− 2d0
c
)), (5.2.2)
In a quadrature receiver, the reﬂected signal is further expressed as:
I(t) = cos(
4πd0
λ
+
4πx(t)
λ
+Δφ(t)), (5.2.3)
Q(t) = sin(
4πd0
λ
+
4πx(t)
λ
+Δφ(t)). (5.2.4)
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In a multiple subject (N) environment, the modulated signal of each person due to
respiration is Ri where i = 1, 2, ..., N referring to each subject and can be expressed
as
R1(t) ≈ cos(2πf0t− 4πd0
λ
− 4πx1(t)
λ
+ φ(t− 2d0
c
))
R2(t) ≈ cos(2πf0t− 4πd0
λ
− 4πx2(t)
λ
+ φ(t− 2d0
c
))
...
RN(t) ≈ cos(2πf0t− 4πd0
λ
− 4πxN(t)
λ
+ φ(t− 2d0
c
)) (5.2.5)
Considering the reﬂected signal from each target is instantaneously linearly mixed,
for instance in the case of N =M = 2 where N is the number of subjects and M is
the number of transceivers, the received signal (observation) can be represented by
[
Receiver1(t)
Receiver2(t)
]
=
[
a11 a12
a21 a22
][
R1(t)
R2(t)
]
. (5.2.6)
where aij are the mixing parameters. In general, for N = M = X, where X =
2, 3, ...N , equation 5.2.6 can be represented as follows:⎡
⎢⎢⎢⎢⎢⎣
Receiver1(t)
Receiver2(t)
...
ReceiverM(t)
⎤
⎥⎥⎥⎥⎥⎦ =
⎡
⎢⎢⎢⎢⎢⎣
a11 a12 · · · a1N
a21 a22 · · · a2N
...
... · · · ...
aM1 aM2 · · · aMN
⎤
⎥⎥⎥⎥⎥⎦
⎡
⎢⎢⎢⎢⎢⎣
R1(t)
R2(t)
...
RN(t)
⎤
⎥⎥⎥⎥⎥⎦ . (5.2.7)
In quadrature receiver architecture, generally, equation 5.2.3 can be structured
as
⎡
⎢⎢⎢⎢⎢⎣
I1
I2
...
IM
⎤
⎥⎥⎥⎥⎥⎦ =
⎡
⎢⎢⎢⎢⎢⎣
a11 a12 · · · a1N
a21 a22 · · · a2N
...
... · · · ...
aM1 aM2 · · · aMN
⎤
⎥⎥⎥⎥⎥⎦
⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣
cos(θ + Cx1(t) + Θ)
cos(θ + Cx2(t) + Θ)
...
cos(θ + CxN(t) + Θ)
⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
(5.2.8)
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while equation 5.2.4 is represented as⎡
⎢⎢⎢⎢⎢⎣
Q1
Q2
...
QM
⎤
⎥⎥⎥⎥⎥⎦ =
⎡
⎢⎢⎢⎢⎢⎣
a11 a12 · · · a1N
a21 a22 · · · a2N
...
... · · · ...
aM1 aM2 · · · aMN
⎤
⎥⎥⎥⎥⎥⎦
⎡
⎢⎢⎢⎢⎢⎣
sin(θ + Cx1(t) + Θ)
sin(θ + Cx2(t) + Θ)
...
sin(θ + CxN(t) + Θ)
⎤
⎥⎥⎥⎥⎥⎦ (5.2.9)
where θ =
4πd0
λ
, C =
4π
λ
and Θ = Δφ(t).
5.2.2 Signal Processing -Source Separation (ICA)
Independent component analysis (ICA) is a statistical method that performs the
transformation of a multidimensional random vector observations into sources that
are statistically as independent from each other as possible [155,159–162] and gener-
ally uses techniques involving higher order statistics [163]. The diﬀerent implemen-
tation of ICA can be found in the literature [164–166] and we will be only focussing
on the fastICA algorithm [155,167] in this application.
In essence, independent component analysis assumes that in a set of m− dimen-
sional measured time series vector denoted as xr(t) = [x1(t), x2(t), ..., xm(t)]
T ∈ Rm
to be a linear combination of n-dimensional source vectors whose components are
assumed to be statistically independent and given as s(t) = [s1(t), s2(t), ..., sn(t)]
T ∈
R
n, where t denotes the time index. Further, it assumes that the dimension of xr
and s are equal, for instance m = n [155]. ICA is often represented as
xr(t) = As(t), (5.2.10)
where A is a full rank m× n mixing matrix [163]. Then, a separating or de-mixing
matrix W must be estimated under certain assumptions and constraints [155] in
order to extract each independent source signal from the observations such that
s(t) = Wxr(t). (5.2.11)
FastICA is based on a ﬁxed point iteration scheme that attempts to separate
the underlying sources from a given set of mixed measurements (observations) by
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ﬁnding their maximum of the non-Gaussianity, wTxr, as measured in equation
5.2.12. Here, the measure of non-Gaussianity, negentropy J(y) is based on the
information theoretic quantity of diﬀerential entropy which can be is given as J(y) =
H(ygauss − H(y)). Here H(.) is the diﬀerential entropy and ygauss is a Gaussian
random variable with the same covariance matrix as output signal y. In FastICA,
the approximation of the negentropy was referrerd as,
J(y) ≈ ρ[E {G(y)} − E {G(v)}]2, (5.2.12)
where ρ is a positive constant, E[.] is the expectation operator, v is a Gaussian
variable with zero mean and unit variance and G(.) is any non-quadratic function
as typically suggested in [155].
The basic form of the fastICA algorithm (one unit) can be denoted as follows:
Algorithm 1 FastICA
1: procedure FastICA
2: Data centering
3: Whitening
4: Initialize weight vector, w,
5: loop:
6: w+ = E{xg(wTxr)} − E{g′(wTxr)},
7: w = w
+
‖w+‖ ,
8: goto loop if not converged.
where g is the derivative of the non-quadratic function G, for instance;
G1(u) =
1
a1
log.cosh(a1u)
g1(u) = tanh(a1u)
g
′
1(u) = a(1− tanh2(a1u)) (5.2.13)
Here, 1 ≤ a ≤ 2 is some suitable constant, normally taken as a = 1.
To estimate several independent components (IC), the basic form of one unit
FastICA needs to be extended using several units with weight vectors wi, i = 1, 2...n.
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The outputs wT1 xr, ..., w
T
nxr need to be decorrelated to prevent vectors from con-
verging to the same maxima. One method of achieving decorrelation is through
Gram-Schmidt like decorrelation where estimation of IC is performed one by one.
When the p IC were estimated or p−vectors w1, ..., wp, one unit FastICA is per-
formed for wp+1 and after each iteration, the projections of w
T
p+1wjwj, j = 1, ..., p
of the previously estimated p vectors are subtracted from wp+1 and renormalized.
The whole process can be represented as
1.Let wp+1 = wp+1 −
p∑
j=1
wTp+1wjwj, (5.2.14)
2.Let wp+1 = wp+1/
√
wTp+1wp+1. (5.2.15)
Another approach to achieve decorrelation is through a symmetric decorrelation
where no vectors are “privileged” over others [168,169]. It can be implemented via
a classical method involving matrix square roots as follows [168]:
1. Let W = (WW T )−0.5W ,
where W is the matrix of w1, ..., wn of the vectors. The inverse square root of
(WW T )−0.5 is computed from the eigenvalue decomposition WW T [169]. A more
simplistic alternative is given in the form of the following iterative algorithm [155],
1. Let W = W/
√‖WW T‖
2. Let W = 1.5W − 0.5WW TW
3. Repeat 2 until converges.
Table 5.1: Experiment Trial for Diﬀerent mode of Breathing
Experiment Person 1 Person 2
1 (2 Subjects) Normal Normal (faster pace)
2 (2 Subjects) Normal + Apnoea Normal
3 (1 Subject ) Normal + Arm swinging Nil
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5.3 Experiment Protocol for Real Data Sensing
Doppler radar 
module 
connected to 
NI-DAQ
Respiration strap connected 
to Powerlab
Figure 5.1: Experiment Setup for Data Acquisition on two subjects
The measurement of human respiration using the non-contact Doppler radar was
approved by the Faculty of Science and Technology Ethics Sub-Committee HEAG
(Faculty Human Ethics Advisory Groups), Deakin University and all the partici-
pants provided their written informed consent to participate in these experiments.
Raw Data from Doppler 
radar measurements
DC offset 
Calibration 
FastICA
Reference 
respiration 
strap signals
Observations: 
Separated Sources
Correlation 
Coefficient and 
Mean Square 
Error
Comparison : 
Respiration 
Pattern
Figure 5.2: General Flow of the Source Separation process
In this experiment, two 2.4 GHz Doppler radar modules [128] were used to cap-
ture the respiration signals from two subjects (in each experiment) as shown in
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Figure 5.1. Each of the systems transmitted a continuous wave (CW) of 2.4 GHz
and was attached to two patch antennae (transmitter and receiver) connected to
a data acquisition module (DAQ: NI-USB6009). The received signals were then
further processed in a MATLAB environment. In each experiment, the subjects
were positioned 1 metre away from the antennae where the antennae were aligned
to focus on the abdomen of the subjects. Respiration signals from the subjects
were collected with normal clothing and in a seated position in the laboratory. An
external respiration strap (MLT1132 Piezo Respiratory Belt Transducer) attached
to PowerLab (ADInstruments) was used as a reference signal to evaluate the per-
formance results of the source separation technique on the measurements obtained
from the Doppler radar.
Two sets of experiments were then carried out to evaluate the separation tech-
nique between two breathing signals captured from the Doppler radar measure-
ments. In the ﬁrst experiment, two subjects were breathing normally but at diﬀer-
ent rates while in the second experiment, one of the subjects was breathing normally
while the other subject role played apnoea by stopping the breathing for a certain
duration multiple times. The last experimental trial was performed on one subject
under the inﬂuence of motion artefacts (arm swing). The summary of the experi-
ments are shown in Figure 5.1. The general ﬂow of the source separation process
is shown in Figure 5.2.
5.4 Results
5.4.1 Two Simulated Respiratory Sources
In order to commence with the basic idea of source separation, two sources mim-
icking respiration were considered in this simulation. As depicted in Figure 5.3,
two respiration baseband signals (with a DC oﬀset and Gaussian noise) at 0.20 Hz
and 0.28 Hz respectively were simulated using equations 5.2.3 and 5.2.4. Then, the
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Figure 5.4: Two sources of Normal Breathing signal from Doppler Radar modules-
Normal Breathing (top to bottom) :(a) Raw data of mixed in-phase (I) signal; (b)
DC oﬀset calibrated mixed I signal; (c), (d) Spectrum of each mixed I channel
signals; (e), (f) Separated breathing source for each subject; (g), (h) Spectrum of
each independent breathing component
baseband signals (in-phase (I) and quadrature-phase (Q)) were randomly mixed
(see equations 5.2.8 and 5.2.9) and re-calibrated to eliminate the DC oﬀset. From
the constellation plot, it was evident that DC oﬀsets have been corrected. In this
particular step, we have used the curve ﬁtting technique [151] to ﬁt the I and Q
data to a circle as shown in Figure 5.3. Two diﬀerent frequency spectra were clearly
observed from the spectrum plot denoting the respective baseband respiration fre-
quencies that were simulated. The main aim of this simulation was to evaluate the
source separation technique in separating the simulated Doppler radar combined
baseband respiration signals into its relevant independent sources while preserving
the frequency and the breathing pattern information.
In this simulation, fast ﬁxed-point algorithm for independent component analy-
sis (fastICA) was used. From the results shown in Figure 5.3, the mixed signals were
successfully separated where the approximated spectral frequencies were 0.2014 Hz
and 0.2808 Hz respectively. This was achieved while preserving similarity of the
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baseband signal pattern to the simulated respiration signals. From the simulation,
it was observed that by using the in-phase signals from two baseband signals, the
spectral frequency and the patterns of the baseband gave a better representation
rather than using the quadrature-phase signals.
5.4.2 Experiment involving real subjects
Simulation results indicated promising results in separating the mixed signals from
the respective I/Q channel into its respective independent component of baseband
respiration signal. Thus, we have implemented the corresponding algorithm with
the real respiration measurement data from the Doppler radar. For these particular
experiments, two subjects were located in front of two Doppler radar transceivers
while breathing according to the conditions listed in ﬁgure 5.1. In the ﬁrst exper-
iment, two subjects were asked to breathe normally at diﬀerent rates while in the
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second experiment, one of the subjects was asked to hold their breath (role play-
ing central apnoea) while the other subject was continually breathing in a normal
mode.
Figure 5.4 depicts a compilation of the results observed from experiment 1.
The raw mixed I signals were pre-processed for DC oﬀset calibration before the
separation process. From one of the spectrum plots in the calibrated mixed I
signals, there were two dominant breathing frequencies of 0.3052 Hz and 0.4425
Hz. The expected outcome of this experiment would be two respiration signals
from two diﬀerent subjects in terms of the respiration rates and patterns. For this
purpose, we have use the fastICA algorithm to separate the mixed I signals into its
independent components where the separation results were then compared to the
independent measurements of the respiration strap. The results are shown in Table
5.5 in terms of the mean square error (MSE) and correlation coeﬃcient (Corr).
Under normal breathing conditions, the respiration rate can be estimated using
fast Fourier transform (FFT) [102, 119] and as shown in Figure 5.4, the breathing
rates estimated from the independent respiration strap were similar to the breathing
frequency of each independent source derived from fastICA (using the measurements
acquired from the Doppler radar).
As for the second experiment, the results of the source separation are shown in
Figure 5.5. In this particular experiment, one of the subjects was asked to hold his
breath multiple times in two minutes of recording to mimic the condition of central
sleep apnoea [122]. This experiment was speciﬁcally designed to evaluate fastICA
source separation capabilities in dealing with the mixed signals of normal breathing
and abnormal breathing patterns. As shown in Figure 5.5, (see Figure 5.5: (e)),
the results show the occurrence of multiple cessation of breathing in the patterns
which corresponds to the central apnoea type of breathing. The derived indepen-
dent component for this is highly correlated with the independent measurement of
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the respiration strap. As for the second subject, a normal breathing pattern was
observed (see Figure 5.5: (f)) as expected. From the spectral analysis (see Figure
5.5: (h)), the normal breathing source was successfully separated from the mixed
sources where the peak of 0.3815 Hz was detected in both the reference respiration
strap and the separated source. As for the spectral analysis shown in Figure 5.5(g),
the FFT based evaluation for abnormal respiration pattern is not a good measure
to estimate the respiration frequency. A technique such as time-frequency analysis
is needed to cater for such respiration dynamics [102]. The qualitative evaluation
of this experiment is shown in Table 5.6.
5.5 Further Discussion
We have also performed the separation of sources using fastICA with diﬀerent type
of non-linearities, i.e g functions (refer to Table 5.2) where the performance of each
function was shown in Table 5.5 and Table 5.6 by comparing each independent
source with the reference respiration strap. Considering data from four diﬀerent
subjects in two diﬀerent experiments, tanh as the g function performs better(in
terms of MSE) in separating the sources from the Doppler radar based measure-
ments compared to other common non-linear functions considered. A reasonable
correlation with shorter processing time was observed as shown in Figure 5.7.
Table 5.2: Non-linearity of g function
Nonlinearity g(u)
tanh g(u) = tanh(au)
power g(u) = u3
gauss g(u) = u ∗ exp(−au2/2)
skew g(u) = u2
We have also evaluated the performance of various BSS algorithms [170] on
all the datasets and the results are given in Table 5.4. The tested algorithms in-
clude EFICA [171], WASOBI [172], COMBI [173], MCOMBI [174], FCOMBI [175],
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BEFICA [171] and BARBI [176]. From the results, most of the BSS algorithms are
capable of performing the separation with a low MSE and good correlation coeﬃ-
cient but fastICA with tanh function performs better; more suitable for real time
applications particularly due to shorter processing time.
Table 5.3: Performance Evaluation on diﬀerent BSS algorithms separated sources
with Reference Respiration Strap Signal Patterns for Experiment 1
Source 1 Source 2
Algorithm MSE Corr MSE Corr Time (s)
EFICA 0.2055 0.8765 0.0472 0.8832 0.2118
WASOBI 0.1566 0.7683 0.0437 0.8037 0.3643
COMBI 0.2053 0.8765 0.0472 0.8832 0.2097
MCOMBI 0.2053 0.8765 0.0472 0.8832 0.1700
FCOMBI 0.2053 0.8765 0.0472 0.8832 0.1629
BEFICA 0.1922 0.8751 0.0469 0.8837 0.2841
BARBI 0.2332 0.8434 0.0473 0.8745 0.1309
Table 5.4: Performance Evaluation on diﬀerent BSS algorithms separated sources
with Reference Respiration Strap Signal Patterns for Experiment 2
Source 1 Source 2
Algorithm MSE Corr MSE Corr Time (s)
EFICA 0.1752 0.9063 0.1264 0.9514 0.1044
WASOBI 0.1797 0.9043 0.1253 0.9502 0.0456
COMBI 0.1752 0.9063 0.1264 0.9514 0.1015
MCOMBI 0.1752 0.9063 0.1264 0.9515 0.1228
FCOMBI 0.1753 0.9062 0.1265 0.9515 0.1763
BEFICA 0.1783 0.9050 0.1286 0.9535 0.1745
BARBI 0.1671 0.7314 0.1198 0.9539 0.0432
5.5.1 Separation of Hand Motion
In addition to the decomposition of signals, we have also explored the use of fas-
tICA in the removal of motion artefacts. In particular, we investigated separating
the respiratory signal from a typical interfering signal, i.e. a subject’s right arm
movement as a a motion artefact. The performance of the separation task is shown
in the ﬁgure 5.6. The separated hand motion from the mixture of signals is clearly
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Figure 5.6: A mixture of breathing signals with hand motion (swinging of arm) on
one subject. (a) & (b) are the mixtures of the signal from two antennas; (c) & (d)
are the separated breathing source/hand motion signals (using FastICA) (e) & (f)
are the ﬁltered breathing source (DWT-Approximation component) and the ﬁltered
hand motion/noise signal source (DWT-Detail component)
Table 5.5: Performance Evaluation on FastICA using diﬀerent non-linearity g func-
tion with Reference Respiration Strap Signal Patterns for Experiment 1
Source 1 Source 2
g function MSE Corr MSE Corr Time (s)
tanh 0.2055 0.8765 0.0474 0.8811 0.0536
power 0.2098 0.8765 0.0838 0.8819 0.0575
gauss 0.2068 0.8764 0.0473 0.8809 1.3024
skew 0.2207 0.7959 0.0372 0.7737 1.2907
Table 5.6: Performance Evaluation on FastICA using diﬀerent non-linearity g func-
tion with Reference Respiration Strap Signal Patterns for Experiment 2
Source 1 Source 2
g function MSE Corr MSE Corr Time (s)
tanh 0.1670 0.9080 0.1280 0.9543 0.0766
power 0.1717 0.9071 0.1281 0.9543 0.1183
gauss 0.1713 0.9072 0.1279 0.9543 0.0926
skew 0.1766 0.9057 0.1269 0.9520 1.7229
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Figure 5.7: Pictorial representation of the Performance Evaluation on FastICA
using diﬀerent non-linearity functions with Reference Respiration Strap Signal Pat-
terns
observed in Figure 5.6(d) as marked, while the ﬁltered respiration signal pattern is
shown in Figure 5.6(c).
Although the motion due to the swinging of the arm is separated from the
mixture of the signals, the separated respiration signal is not entirely free from
other noise inputs (for instance, possible artefacts due to the slight motion of the
body during the swinging process) as shown in Figure 5.6(c). Therefore, even for
the case of respiration detection involving a single subject, the use of a multiple
antenna conﬁguration would signiﬁcantly improve the coverage, detection and the
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characterisation capabilities of human motion in general. In particular sleep studies
where periodic limb movements are of interest, the source separation can be used
to analyse the artefacts.
As shown in Figure 5.6 (e), we have also used Discrete Wavelet Transform
(DWT) to ﬁlter the artefacts/noise from the signal mixture where the reconstructed
respiration signal is highly correlated and smoother than the results obtained from
fastICA. The motion artefacts/noise can be obtained from the detail components
as shown in Figure 5.6 (f). The DWT technique is particularly useful in ﬁltering
the artefacts/noises from the mixture of signals due to its nature. From our ob-
servations, this is not the case in separating multiple respiration sources due to
multiple subjects. Indeed the DWT technique can be useful and yield a better
result compared to blind source separation technique as demonstrated in [93] and
more importantly, it can be implemented with only a single antenna conﬁguration.
Nevertheless, using DWT solely will not improve the respiration detection coverage;
specially when more than one source of respiration exists which is the main focus
of this chapter.
5.6 Summary
In this chapter, utilizing the recent advances in Independent Component Analysis
(ICA) and multiple antenna conﬁguration schemes, we investigates the feasibility
of decomposing respiratory signatures into each subject from the Doppler based
measurements. We investigated respiration detection using Doppler radar involving
multiple subjects incorporating the use of the multiple Doppler radar systems. The
need to measure multiple sources in respiratory monitoring is essential specially
for long-term home-based monitoring applications(i.e. sleep apnoea, sleep studies)
where typically more than one person is in a bed.
For this purpose, the use of the fastICA algorithm in separating the mixed
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Doppler radar measurements of two people under two diﬀerent scenarios involving
either normal breathing only or abnormal breathing (mixture of normal breathing
and apnea) as discussed in the experiment protocol were demonstrated. Exper-
imental results demonstrated that fastICA is capable of separating two distinct
respiratory signatures from two subjects adjacent to each other even in the pres-
ence of apnoea. In each test scenario, the separated respiratory patterns correlate
closely to the reference respiration strap readings. The eﬀectiveness of fastICA
in dealing with the mixed Doppler radar respiration signals conﬁrms its potential
applicability in healthcare applications.
Further, the use of fastICA to separate involuntary movements such as the arm
swing from the respiratory signatures of a single subject was explored in a multiple
antenna environment. In conclusion, this chapter discusses the use of multiple
antenna conﬁguration to demonstrate the possibility of decomposing a Doppler
radar based respiratory patterns into separate sources using fastICA even when the
sources are potentially interfered by motion artefacts. The separated respiratory
signal indeed demonstrated a high correlation with the measurements made by a
respiratory strap used currently in clinical settings.
Chapter 6
Conclusion
6.1 Concluding Remarks & Future Work
Doppler radar technology is a strong candidate as a non-contact sensing instrument
particularly in medical applications such as sleep-related disorder studies. Monitor-
ing and detecting human physiological functions such as respiration using Doppler
radar oﬀers the distinct advantage of non-contact measurements and tolerance to
variations in environmental factors such as ambient light and temperature. Par-
ticularly for applications such as longer term respiration monitoring during sleep,
the ability of Doppler radar signals to penetrate clothing enables the operation as
a complete remote sensing device. This improves the patient comfort vital for long
terms monitoring alleviating the need to use wearable devices such as respiration
belts during sleep. Indeed it allows capturing data in a more natural or home based
environment and simply provides clinicians and researchers with data that was not
available thus far. This research has led to a number of potential research direc-
tions in medical ﬁeld particularly as a non-contact sensing device for sleep-related
disorders, for instance in sleep apnoea, Sudden Infant Death Syndrome, Periodic
Limb Movement Disorder and other respiration disorders.
This research has demonstrated the use of (2.4-2.7) GHz continuous Doppler
radar in capturing various dynamics of respiration patterns accurately ranging
from common types of breathing to professionally role played respiration disorders.
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Types of respirations included normal breathing, hypo-ventilation, hyperventila-
tion, diﬀerent I:E ratio, central apnoea, cheyne-stokes respiration, cheyne-stokes
variant and etcetera. For this, a time-frequency based analysis of using continuous
wavelet transform (CWT) is proposed to estimate the respiration rate rather than
using fast Fourier Transform as more information can be obtained from the CWT
analysis. Using CWT, it is possible to identify certain respiratory signatures un-
der the inﬂuence of certain artefacts. Indeed, future work will includes the trials
on more subjects to further validate the performance of CWT as well as to in-
vestigate the use of wavelet coeﬃcients from the CWT for features extraction (i.e.
energy, entropy, frequency distribution, power etc.) along with patterns recognition
techniques to characterise breathing disorders and suppressing the motion artefacts
from the measurement captured in a non-contact sensing environment.
Further, the capability of Doppler radar in acquiring the tidal volume in a con-
trol lab environment has been validated where an algorithm is proposed to extract
relevant information of volume of air moving into the lung or out the lung in com-
parison to clinically used spirometer. Future work includes respiration signal esti-
mation considering the artefacts from the body as well as to increase the accuracy
of the estimated tidal volume from Doppler radar. Particularly when investigating
how the expansion of chest can be modelled with the change of air ﬂow in and out
during the breathing activity would be better served with a non-contact form of
respiratory function measurement. Thus, the modelling of breathing function as
well as the signal processing techniques (i.e. isolation of motion artefacts and more
robust model based ﬁltering techniques) need to be improved.
To further demonstrating the potential use of Doppler radar as a home-based
respiration monitoring device, detection of respiration signals involving multiple
subjects were investigated. Under a typical environment with less inﬂuence of
motions, the use of source separation algorithm has successfully implemented in
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separating out the sources of respirations from two subjects even though under two
diﬀerent scenarios involving either normal breathing only or abnormal breathing
(mixture of normal breathing and apnoea). Future work includes separation of
respiration signal for multiple subjects under the inﬂuence of artefacts with semi-
blind source separation techniques considering prior knowledge on the respiration
signals and artefacts signatures.
In an environment where the respiration signal and artefacts are in the inter-
est particularly of the sleep researcher, the results from discrete wavelet transform
demonstrates the capability in reconstructing the desired breathing signal as well
as in isolating the artefacts signatures (i.e. jerking, arm’s swing and body move-
ment). The reconstructed respiration patterns from the approximation components
of DWT are highly correlated with the reference respiration strap. On the other
hand, the resulted detailed components of DWT deemed to be the motion arte-
facts signatures. Additional to this, an alternative method to suppress the artefact
signals is proposed. This approach combines the use of empirical mode decomposi-
tion with source separation signal and approximate entropy for respiration signals
reconstruction as well as to isolate the corresponding artefacts signatures.
In a nutshell, Doppler radar oﬀers a promising possibility of non-contact through-
clothing measurements of respiration functions which includes respiration patterns,
I:E ratio and tidal volume. Additionally, considering potential problems and chal-
lenges of Doppler radar as a biomedical devices in the future, few factors such as
the presence of artefacts and multiple subjects were considered in this work. Re-
sults of the various proposed signal processing techniques demonstrated that these
algorithms greatly improve the robustness and accuracy of the CW Doppler radar
for respiration function detection and estimation. Thus, all the demonstrated work
in this dissertation is aimed to provide a deep insight into diﬀerent types of signal
processing techniques targeted for a non-contact respiration measurement as the
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platform of implementing CW radar as a practical biomedical device in the future.
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